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Abstract

We introduce substantial advancements to the field of hand reconstruction and mod-
elling. We observe that the current state-of-the-art methods for hand pose estima-
tion do not generalize well to samples captured in a non-laboratory environment
and cannot provide real-time mobile inference. We also identify issues with the ex-
isting deformable models of the human hand that have limited shape variability and
cannot express texture variations. We effectively address these problems from mul-
tiple directions. The first contribution is a weakly-supervised mesh-convolutional
neural network capable of reconstructing a 3D hand mesh from a single image in
the wild. It outcompetes the existing systems while working in real-time on mobile
devices. We make this possible by proposing an automated data collection system
and novel framework for non-linear latent representation of 3D hand meshes and
image alignment. We also lead a data collection effort to generate high-resolution
3D hand scans with texture on a previously unseen scale in terms of subjects and
pose diversity. Our dataset allows us to build the most diverse deformable hand
model with shape and texture variations capable of representing children, adults,
and the elderly from a broad range of ethnic groups. We show that our systems

obtain state-of-the-art performance and enable novel industrial applications.
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Chapter 1

Introduction

Mobile devices have made augmented reality (AR) applications widely accessible.
Most recent smartphones are capable of running neural networks that a few years
ago required professional workstations and they feature LiDAR technology that al-
lows mapping the user’s environment. The progress has been largely driven by
entertainment and retail applications. Among FAAMG companies dominating the
American market by their capitalization, all of them are actively involved in research
on augmented reality technology. Snap reports that 170 million of Snapchat users
engage in trying various visual filters everyday that allow, among many use cases,
transforming in real-time images of the human body and the environment as well as
overlaying digital objects onto the physical world. Health care is also benefiting from
the related developments. CAE has been creating virtual environments for training
neurosurgeons and pre-operation practice. Doctors at Imperial College Healthcare
have been experimenting with mixed reality to support surgeons in operating theatre

during treatment or to care for patients in coronavirus wards.

The interaction with digital objects rendered on a mobile phone is performed via a
touch screen. Head-mounted devices such as Oculus or HoloLens headsets enable

more intuitive control by estimating and tracking locations of hand joints because

1



2 Chapter 1. Introduction

of the availability of stereo depth cameras or specialized sensors. Even then, the
accuracy and range of recognizable poses is limited and the hand shape is not per-
sonalized. The performance is critically lower on smartphones which cannot perform
inference on large neural networks and usually process single RGB images as input.
In fact, until recently it has not been possible to perform robust hand pose estima-
tion in non-laboratory environments, not even on specialized GPUs. The change

came with a paper that is part of this thesis.

Our motivation stems from the assumption that AR and related technology (vir-
tual/mixed reality) will progress and become more popular causing a growing inter-
est in seamless human-computer interaction, motion tracking, virtual telepresence,
and immersive gaming. We want to advance hand reconstruction technology to the
level that it is highly accurate, fast on mobile devices, and capable of modelling wide

range of shapes including personalization to a user’s hand.

1.1 Contributions

In this thesis, we propose novel approaches for hand reconstruction from a single
image and statistical deformable modelling of the human hand with texture. We
also introduce large-scale datasets for both tasks. The proposed systems are showed
to generalize well to challenging samples and have been deployed for industrial

applications.

1.1.1 3D Hand Reconstruction

The first challenge lies in developing systems that can predict a 3D hand mesh given
an image of a cropped hand region and find a correspondence between 3D points

and image pixels. Usually, this task has been approached by predicting 2D landmarks
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and lifting them into a 3D pose or finding parameters of the hand model. The
existing systems perform well on laboratory benchmarks but cannot generalize to the
distribution of images captured in unconstrained environments. They often predict
only a sparse set of keypoints instead of a dense point cloud and usually they are not
capable of operating in real-time. We discuss this further in Chapter 2| that presents
background on hand reconstruction including the existing methods for 3D hand joint
estimation, hand mesh reconstruction, similarities with research on the full body
mesh reconstruction, and available datasets. As many of the hand reconstruction
methods rely on predicting parameters of statistical deformable hand models, we
explain how to synthesize a 3D mesh in Chapter (3| that includes background on
body part modelling and discusses approaches for learning the shape representation

of 3D meshes.

We notice that there are no datasets that we could use for training 3D hand recon-
struction systems that work in non-laboratory environments. Therefore, in Chap-
ter |4/ we develop an automated approach to generate training data from unanno-
tated images for 3D hand reconstruction and pose estimation. The method is applied
to generate the first dataset of 3D hand meshes aligned with in the wild images com-

prising hundreds of subjects performing wide variety of gestures.

Alternatively to the existing methods, we explore whether it is possible to use graph
convolutional neural networks to learn statistical deformable models of the human
hand. We achieve this in Chapter |5/ by training a mesh autoencoder end-to-end
from a collection of meshes in an unsupervised way and we show gains in terms of

reconstruction accuracy and speed compared to the existing methods.

Motivated by the quality of the generated dataset and the positive outcome of the
experiments on mesh autoencoding, in Chapter [6|we propose a novel framework for
hand reconstruction based on the idea of encoding images into a latent non-linear

representation of 3D hand shapes. The proposed system largely outperforms existing
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approaches for hand pose estimation and mesh reconstruction from a single image.
Notably, it attains 50% lower pose estimation error compared to the currently best
model on the in-the-wild scenario. Moreover, it supports fast inference at 250 FPS

on mobile devices.

1.1.2 Hand Modelling

We have been using hand models to generate training data for mesh reconstruction
systems by fitting the model into 2D landmarks. Therefore, the ability of the net-
work to represent various subject-specific shapes and articulations is bounded by
the expressiveness of a deformable hand model. Moreover, shapes predicted by the
network are solely correlated with hand joint locations due to the data collection
strategy and thus are not pixel-aligned with the hand silhouette. By collecting a
large-scale dataset of 3D hand scans we could potentially improve accuracy of the
hand reconstruction system by building a model that is able to represent a more di-
verse set of population and by using 3D scans as a source of dense supervision which
could lead to a better alignment. Unfortunately, the existing statistical deformable
models of the human hand cannot represent diverse shapes in terms of age and eth-
nicity. This is not surprising given that they are learned from a small number of
subjects and scans. The existing models also do not include texture variations that
beside computer graphics applications could be incorporated into a self-supervised

hand reconstruction system based on a photometric loss.

Motivated by the need to improve expressiveness of deformable hand models, we
lead a large-scale data collection effort to generate high-resolution 3D hand scans
that is presented in Chapter[7, We produce 533,687 scans captured from 1,360 sub-
jects effectively obtaining the most diverse, by two orders of magnitude, collection of
hand shapes in terms of age and ethnicity with high-resolution textures. Moreover,

the scans were generated from images captured from multiple cameras with known
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parameters resulting in a collection of 2,668,435 images with 3D mesh annotations.

To enable statistical modelling of shape and texture variations, we process the col-
lected hand scans to a common representation. In Chapter |8, we build the most
diverse deformable hand model learned from our dataset of scans. We are the first
to decouple bone-length and identity-specific shape variations for hand modelling
improving parameterization for augmented reality applications. The model is fully
integrated with standard graphics packages. We also present a statistical texture
model capable of representing children, adults, and the elderly from a broad range

of ethnic groups with an unprecedented quality in Chapter [9}

1.2 Publications

Part of the thesis is based on the following publications:

e Single Image 3D Hand Reconstruction with Mesh Convolutions. Dominik Ku-
lon, Haoyang Wang, Riza Alp Giiler, Michael Bronstein, Stefanos Zafeiriou.

British Machine Vision Conference (BMVC). 2019.

e Weakly-Supervised Mesh-Convolutional Hand Reconstruction in the Wild. Do-
minik Kulon, Riza Alp Giiler, Iasonas Kokkinos, Michael Bronstein, Stefanos

Zafeiriou. CVPR (Oral, Best Paper Award Nomination). 2020.

This work was also presented in the Fourth Workshop on Computer Vision for

AR/VR (CV4ARVR).

Contributions regarding the dataset of 3D hand scans and statistical deformable
modelling of the human hand and texture described in Chapters 9] have not

yet been under review due to our interest in industrial applications.






Chapter 2

Background on Hand Reconstruction

Hand pose estimation is a task of estimating locations of a sparse set of keypoints
usually corresponding to fingertips and joints in the hand skeleton tree (Figure 2.1).
Hand reconstruction is a more general task that aims at estimating a relatively dense
point cloud of the hand in the image that describes both the pose and subject-specific
shape of the target object. We categorize a method as belonging to the latter category

if it allows generation of different subject-specific shapes.

Hand reconstruction technology can facilitate a broad array of applications in human-
computer interaction, augmented reality, virtual telepresence, digital characters an-
imation, motion tracking, analyzing interactions between multiple individuals, or
sign language recognition. We focus our attention on the hand reconstruction task
using only RGB images as input. This is significantly more challenging than esti-
mation when a depth sensor is also available [YGS™18, ISRY"15, |GLYT16, [OL17,
WSK15]]. The use of RGB input instead of, for example, a depth map allows us to
perform the analysis on large sources of visual data such as YouTube and develop
systems that work with video cameras enabling low-cost industrial applications for

virtual or augmented reality.
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Hand reconstruction is an extremely complex problem due to variations of possible
hand shapes, articulations, environmental conditions, data capture devices, depth
ambiguity, and difficulties with annotating data. A hand has twenty-seven degrees of
freedom and therefore it is costly to generate the training data that sufficiently covers
possible configurations. Moreover, fingers are similar to each other, self-occlusions
of joints are common, and occlusions can be caused by grasped objects. Input data
can also have low resolution, severe distortions, motion blur, and be captured from
various perspective (e.g. egocentric view from smartglasses, close view from selfie
cameras). The position of the hand with respect to the camera is unknown prevent-
ing robust scale approximation. Data annotation poses another difficulties because
we need to obtain 3D annotations for a 2D image which is an open research prob-
lem. Given an image captured from a single view with no prior knowledge on the
space and no temporal information, the problem becomes ill-posed as multiple 3D

articulations could be projected to match 2D annotations.

2.1 3D Hand Pose Estimation

Research in the area of hand pose estimation from RGB input has started gaining
popularity only recently. Multiview bootstrapping [SJMS17] is an iterative improve-
ment technique where the initial annotations of a hand from multiple views, ob-
tained by executing a 2D keypoint detector, are triangulated in 3D and reprojected
for training in the next iteration if they meet the quality criteria. This system is part

of the OpenPose framework [WRKS16] for 2D pose annotation.

Numerous approaches have been proposed to regress a 3D pose from estimated 2D
keypoints [ZB17, [POA18| L.DS™19, [CGCY18]. Dibra et al. [DMBT'18]] incorporate
depth regularization to supervise 3D pose estimation represented by angles of rota-

tion. In contrast, variational approaches learn a shared latent space by an alternated
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1 wrist 12 middle dip
2 thumb metacarpophalangeal joint (mcp) 13 middle tip
3 thumb proximal interphalangeal joint (pip) 14 ring mcp
4 thumb distal interphalangeal joint (dip) 15 ring pip

5  thumb tip 16 ring dip

6  index mcp 17 ring tip

7  index pip 18 little mcp
8 index dip 19 little pip
9 index tip 20 little dip
10 middle mecp 21 little tip
11 middle pip

Figure 2.1: A hand model with annotations of twenty-one joints. A kinematic struc-
ture is shown as links connecting the joints.

training between variational autoencoders [SSPH18], disentanglement of the latent
representation [YY19], or the alignment of latent spaces [YLLY19]]. This allows for
sampling outputs in any of the learned modalities. Gao et al. [GWF"19] address
the problem of estimating the pose of hands interacting with objects in a variational
framework. Generative networks can also be used to transfer synthetic images into a
space of real-world images [MBS™18] by modifying a cycle adversarial loss [ZPIE17]
to include a geometric consistency term that ensures pose-preservation during an

image translation.

Tekin et al. [TBP19] estimate hand and object poses with a single-shot network.
Baek et al. [BKK20] address the problem of estimating poses of hands interacting
with objects by generating images of hands without the objects as an intermediate
step. Cai et al. [CGL™19] proposed to build a spatio-temporal graph and use graph

convolutions in the spectral domain to estimate a 3D pose.

Recently, Zhang et al. [ZCL"20] incorporated a teacher-student framework to su-
pervise a compact network for 3D hand pose estimation. Wang and Chen [WC20]
attempt to distill knowledge from the depth-based pose estimation network to a net-
work that takes as input an RGB image. Moon et al. [MYW20] estimate 3D poses

of interacting hands. The DOPE [WBC™20] method combines body, face, and hand
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experts to distill the training data for a whole body network. MEgATrack method
[HLC™20] processes four monochrome images captured with cameras mounted on
a virtual reality headset to estimate a 3D pose. Gesture recognition network can
be combined with a pose estimation network to boost the performance of each task
[YLL™20]. Fan et al. [FLW20] propose a framework to switch between lightweight

and heavyweight models for computational efficiency.

2.2 Hand Mesh Recovery

MANO [RTB17] is a hand model parameterized by angles of rotations specified for
each joint in the kinematic tree and blend weights of a linear function that models
the shape of the person. Different articulations are obtained by applying linear blend
skinning which interpolates rotations matrices assigned to the joints to transform a
vertex according to the angles. Additionally, pose-dependent corrective offsets are
learned to address the loss of volume caused by the skinning method. Recently,
numerous works have been proposed to find a 3D pose by regressing MANO and

camera parameters.

Boukhayma et al. [BBT19] regress these parameters from an image and heatmaps
obtained from OpenPose. The method is evaluated on images in the wild but the er-
ror is relatively high. The works by Zhang et al. [ZLM*19] and Baek et al. [BKK19]
introduce methods that iteratively regress model parameters from the heatmaps.
Hasson et al. [HVT"19al] predict MANO parameters and reconstruct objects the

hands interact with.

Ge et al. [GRL™19] use graph convolutions in the spectral domain to recover a hand
mesh. The system includes a heatmap regression module and, in case of real-world
images, is supervised with 2D keypoints, depth maps, and meshes approximated

with a pretrained model from ground truth heat maps.
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Yang et al. [YCLK20] build a recurrent network trained on synthetically generated
sequences of hand motions and then fine-tune it to a single-frame real-world images.
Moon and Lee [ML20] obtain excellent results on a laboratory hand reconstruction
benchmark by predicting 1D heatmaps of each vertex in the output mesh. Yang et
al. [YLX™20] regress MANO parameters in a multi-stage pipeline with intermediate
supervision that includes silhouette, depthmap, 2D heatmaps, and 3D joints error

terms.

2.3 Body Mesh Recovery

Approaches based on regressing MANO parameters described in the previous sub-
section originate from works on body mesh recovery. Numerous methods have been
proposed to recover a subject-specific body mesh from an RGB image by finding
parameters of the SMPL model. In SMPLIify, Bogo et al. [BKL"16] estimate the 2D
body joint locations and use these estimates to iteratively fit the SMPL model. The
space of plausible shapes is constrained by adding prior and interpenetration error
terms to the objective function. The shape parameters are only derived from the

joint locations and thus the shape of the predicted model is close to the average.

The issue of shape estimation inaccuracy is addressed in other works by introduc-
ing a silhouette error term. Lassner et al. [LRK"17]] extend the SMPLify method
by penalizing the bi-directional distance from points of the projected model to the
ground-truth silhouette. This approach provides a better estimate of the body shape
than its predecessor but it again requires numerically solving a complex optimization

problem.

The Human Mesh Recovery framework [KBJM18] reconstructs the body mesh in an
end-to-end manner by regressing the model parameters and minimizing the repro-

jection loss of the joint locations given by the SMPL model and the ground-truth 2D
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image annotations. The authors introduce an adversary to discriminate body param-
eters that constrains the pose space. Tan et al. [TBC17] train a decoder from the
SMPL parameters to a body silhouette and afterwards they train an encoder-decoder
network that outputs a silhouette given an RGB image. Pavlakos et al. [PZZD18]]
train a neural network that consists of modules responsible for predicting the mask,
landmarks, and model parameters. Varol et al. [VCR" 18] combine segmentation, 2D
pose, and 3D pose predictions to infer the volumetric representation of the body into
which they fit the SMPL model. Neural Body Fitting [OLPM™18] is an end-to-end
system that integrates the SMPL model within a CNN. The network is a sequence of
layers responsible for computing the segmentation, model parameters, and joint po-
sitions. Finally, the joints are projected onto the image to compute the loss. Weng at
al. [WCKS19] show that it is possible to create an animated character from a single

photo.

All models described above have none or very limited variance of hand poses and
face expressions. The authors of the Total Capture system [JSS18] build a uni-
fied body model that is iteratively fit into the point cloud obtained from a multi-
camera setup. The system produces impressive results but is limited to the labora-
tory setting. The follow-up work [XJS19] enables predicting the model parameters
in the wild by fitting the model into predicted joint confidence and orientation maps.
SMPLify-X [PCG™19] improves on SMPLIify by additionally fitting articulated hands
and face expressions, using a VAE pose prior, and changing the collision penalizer.
SPIN [KPBD19] combines network-based parameters regression for robust initializa-
tion with iterative fitting to 2D joints. The authors of ExPose [CPB"20] propose a
method to regress parameters of a statistical body model by combining predictions

from part specific networks that process body, hand, and face image crops.

Alternatively to methods based on regression of body model parameters, Kolotouros

et al [KPD19] propose a system to encode an image and concatenate its features
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with coordinates of a template mesh in a canonical pose. The resulting graph is
passed through a sequence of spectral graph convolutions to recover the body model

corresponding to the image.

2.4 Hand Pose Datasets

Deep learning research is largely driven by the availability of large scale datasets.
Therefore, it is of crucial importance to discuss the existing resources. The summary
of collected information can be found in Table We also take depth image datasets
into consideration because they can be used as an additional source of supervision

for RGB-based neural networks.

Small-Scale Datasets Datasets for hand pose estimation started being published
relatively recently. Even then, their small size and lack of subjects diversity restricted
potential applications to laboratory environments. The ASTAR [XC13]] dataset that
was released in 2013 contains 870 samples with the 320 x 240 depth map resolution
captured from 30 subjects performing 29 gestures including poses from the Chinese
Number Counting system and the American Sign Language alphabet. Twenty joints
are annotated using the ShapeHand dataglove. The use of a dataglove does not
allow obtaining natural RGB images of hands. The ICVL [TCTK14] dataset that is
annotated leveraging 3D skeletal tracking followed by manual refinements contains
samples from 10 subjects. Annotations in the NYU dataset [TSLP14] are obtained
automatically by fitting a 3D hand model. It features higher resolution of depth
maps then its predecessors (640 x 480). The provided RGB images are projections
of the point clouds from a 3D sensor resulting in low-quality 2D renders. Authors of
MSRA14 [[QSWT14a] and MSRA15 dataset [SWLT15] recorded various poses using

Intel’s Creative Interactive Camera. Multiview Hand Pose dataset [GDOEC19] has
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been annotated using a Leap Motion Controller. A relatively small dataset called
SHREC 2017 [DSWVT17] contains 2,800 samples for gesture recognition tasks gen-

erated with the Intel Real Sense Depth camera.

Fingertip Annotations The Dexter dataset [SOT13] for hand motion tracking con-
tains fingertip annotations of 2,137 samples collected from a single subject. HandNet
[WSK15] includes more than 200,000 sample where fingertips are annotated using
magnetic sensors. The Dexter+Object [SMZT16] dataset contains manual annota-
tions of hands interacting with a cuboid-shaped object and positions of the cuboid

corners. EgoDexter [MMS™17] explores object interactions from an egocentric view.

BigHand2.2M The BigHand2.2M benchmark [YYS™17]] with more than 2.2 million
samples covers wide range of hand poses performed by 10 subjects. The annotations
of 21 joints were made automatically by attaching six 6D magnetic sensors on the
hand and applying inverse kinematics on a hand model. 290,000 of the samples are

captured from the egocentric perspective.

Egocentric Real Data Egocentric perspective is common for images captured by
mobile or wearable devices. Robust hand pose estimation in such scenarios could al-
low analysing manual tasks and enable novel ways of interacting with objects in aug-
mented and virtual reality. UCI-EGO [RKSI"14] consists of four motion sequences of
object interactions such as typing, grasping, and opening a door. The dataset of first-
person hand action sequences [GHYBK18]] includes 45 categories manipulating 25
different objects. Apart from hand pose annotations, authors provide 6-dimensional

object pose ground truth with their 3D mesh models for 4 objects.

Synthetic Data The Rendered Hand Pose Dataset (RHD) consists of 41,258 train-

ing and 2,728 testing samples of rendered characters [ZB17]. It has been com-
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monly used for RGB-based hand pose estimation due to its large size and chal-
lenging viewpoints. SyntheticHand [MECT17], contains samples generated from
a rigged 3D model of a human adult male hand. SynthHands [MMS™17] is another
large synthetic dataset for egocentric hand pose research with depth and colour im-
ages, 3D annotations, and camera calibration parameters. GANerated Hands Dataset
[MBS™18] is a large synthetic dataset translated into the space of real images via a
cycle-consistent generative adversarial network. The images are captured from the
egocentric view and have a small resolution of 256 x 256 pixels. A hand model
that incorporates a shape displacement function is used to produce the SynHand5M

[MENT18] dataset.

RGB Laboratory Benchmarks Stereo Hand Pose Tracking Benchmark (STB) con-
tains 15,000 training images of a single subject performing random poses and count-
ing gestures with 5 different backgrounds and a test set of 3,000 images with the
same background [ZJCT17]. The dataset has been solved in recent publications
[GRLT19] with a high error tolerance due to inaccurate ground truth annotations.
Panoptic DomeDb [SJMS17] provides 3D annotations of the whole human body in-
cluding 21 joints of hands and face landmarks. It contains multiple sequences of
videos captured from around 31 synchronized HD cameras and 479 VGA cameras
which parameters are provided. Monocular Total Capture (MTC) is a human mo-
tion dataset containing body, hands, and face annotations of 40 subjects [XJS19].
The dataset was collected in a laboratory environment posing a risk of domain over-
fitting; however, due to its diverse and mostly accurate annotations it can be used
to learn a robust prior on 3D hand shapes. FreiHAND [ZCY"19] is a recently re-
leased dataset with 130,240 training images [ZCYT19]]. It is the only dataset that
contains 3D mesh annotations with backgrounds artificially blended in place of the
green screen. The test set consisting of 3,960 samples was collected without the

green screen in a controlled outdoor and office environment. It contains difficult
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Title Year Depth resolution RGB resolution No. samples No. subjects No. joints
ASTAR [XC13] 2013 320x240 - 870 30 20
Dexter 1 [SOT13] 2013 320x240 320x240 2,137 1 5

ICVL [TCTK14] 2014 320x240 - 17,604 10 16
MSRA14 [[QSWT14a] 2014 320x240 - 2,400 6 21
NYU [TSLP14] 2014 640x480 ? 81,009 2 36
UCI-EGO [RKSI"14] 2014 320x240 640x480 400 2 26
HandNet [WSK15] 2015 320x240 - 212,928 10 6
MSRAI15 [SWLT15] 2015 320x240 - 76,375 9 21
Dexter+Object [SMZ"16] 2016 320x240 640x480 3,145 2 5

STB [ZJCT17] 2016 640x480 640x480 18,000 1 21
Tzionas et al. [TBS™16a] 2016 640x480 640x480 36,000 ? ?
BigHand2.2M [YYS"17] 2017 640x480 - ~2,200,000 10 21
EgoDexter [MMS"17] 2017 640x480 640x480 1,485 4 5

FPHA [GHYBK18] 2017 640x480 1920x1080 105,459 6 21
HandDB Rend. [[SJMS17] 2017 - mixed 14,261 synthetic 21 (2D)
MHP [[GDOEC19] 2017 - 640x480 20,500 9 20
MPII+NZSL [SIMS17] 2017 - mixed 2,758 large 21 (2D)
RHD [ZB17] 2017 320x320 320x320 43,986 synthetic 21
SHREC 2017 [DSWV™17] 2017 640x480 - 2,800 28 22
SyntheticHand [MEC™17] 2017 512x424 - ~700,000 synthetic 20
SynthHands [MMS™17] 2017 640x480 640x480 ~220,000 synthetic 21
GANerated Hands [MBS*18] 2018 - 256x256 ~330,000 synthetic 21
HandDB Panoptic [SJTMS17] 2018 - 1920x1080 14,817 multiple 21 (2D)
Monocular Total Capture [XJS19] 2018 - 1920x1080 111,000 40 21
Panoptic DomeDb [SJMS17] 2018 - 1920x1080 videos multiple 21
SynHand5M [MBS"18] 2018 320x240 - ~5,000,000 synthetic mesh
Dense Hands [MDB'19] 2019 640x480 - 80,000 5 21
FreiHAND [ZCY™19] 2019 - 224x224 134,200 32 mesh
ObMan [HVTT19b] 2019 ? ? ~150,000 synthetic mesh
OneHand10K [YWL19] 2019 - mixed 11,703 large 21 (2D)
SynHandEgo [MENS19] 2019 320x240 - ~1,000,000 synthetic mesh
ContactPose [BTT20] 2020 *? ? ~2,900,000 50 21
InterHand2.6M [MYW™20] 2020 - 512x334 ~2,600,000 27 21
YouTube 3D Hands (Ours) 2020 - 1920x1080 50,175 large mesh
MeDigital Hands (Ours) 2020 - 2448x2048 2,668,435 1,360 mesh

Table 2.1: Characteristics of the datasets for hand pose estimation. Our YouTube 3D
Hands is the only in the wild dataset with 3D annotations. Our MeDigital dataset
contains highly accurate mesh annotations of 1,360 subjects of a wide variety of
ethnic background and age performing complex motions.
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poses with object interactions and varying lighting. The test set annotations are not
available and evaluation is performed by anonymously submitting predictions to the

online competition.

Hand Interactions The problem of hand pose estimation becomes more complex
in the presence of hand-hand interactions due to hand shape similarity and severe
occlusions. Tzionas et al. [TBST16a] capture 29 sequences of interacting hands in-
cluding object manipulation. Mueller et al. [MDB™19] propose a synthetic dataset
where virtual models are posed by tracking hands of 5 subjects. InterHand2.6M
[MYWT20] is the largest dataset focused on annotating interactions between two
hands that was captured in a laboratory studio. During the last year, the research
community focused more attention on the task of modelling hand-object interactions
from RGB images because the models trained on standard hand pose estimation
benchmarks do not generalize to such scenarios which might be of high importance
for modelling robotic grasping. ObMan Dataset [HVT"19b] consists of 150K syn-
thetic RGB and depth images of hands grasping 2.7K everyday objects. ContactPose
[BTTT20] introduces a large dataset of over 2.9M samples that includes 2,306 grasps

of 25 household objects performed by 50 participants.

In the Wild Images Despite the wealth of possible applications, there are no
datasets for monocular 3D hand reconstruction from RGB images in a non-laboratory
environment. The MPII+NZSL (MPII) dataset [SJMS17] contains in the wild images
collected by manually annotating two publicly available datasets with 2D landmarks:
the MPII Human Pose dataset [APGS14] showing every-day human activities and
a set of images from the New Zealand Sign Language Exercises [MMAP]. It in-
cludes blurry, low-resolution, occluded, and interacting with objects hand images
what makes the dataset particularly challenging. Training and test sets count 1,912

and 846 samples. OneHand10K [YWLI19] contains 2D annotations of over 10K
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in-the-wild images.

Our Datasets In the thesis, we introduce the largest and most diverse dataset for
hand pose estimation and 3D hand mesh reconstruction in the wild (YouTube 3D
Hands). We have also collected 533,687 high resolution scans from 1,360 sub-
jects including images from multiple cameras (MeDigital Hands). We discuss these
datasets in details in Chapters For completeness we summarize them in

Table



Chapter 3

Background on Human Body Part

Modelling

Generative body models allow synthesizing 3D meshes of the human body given
input parameters. Beside obvious applications in computer animation and human
body understanding, they have potential to power cutting-edge technology for aug-
mented reality, holographic telepresence, gaming, motion capture, fashion retail,
and neural image synthesis. We are specifically interested in statistical deformable
modelling of hands that can cover variations of shape and texture across the whole
population and constrain the space of valid poses. Face, body, and hand models are
usually constructed separately due to different data acquisition procedures and level
of deformations. Nevertheless, they share common techniques that we discuss in
this background chapter. We also present methods for performing convolutions on

meshes that enable novel approaches for representation learning of 3D shapes.

19
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Figure 3.1: Early body models by Dariu Gavrilla [Gav98].

3.1 Shape Models

Early body models rely on geometric primitives. Dariu Gavrilla, in his PhD the-
sis [Gav98], introduced male and female body models approximated by coarse sur-
face - ELLEN and DARIU (Figure - to recover a human body from an image
for the tasks of motion tracking and recognition. Subsequent works tried to better
represent the articulated figures with finer topological structures but the shape space
was constrained by the modelling skills of the computer graphics designer and linear

blending of transforms [KM96, PFO1].

The important work that enabled statistical modelling of shape of the target object
came from Blanz and Vetter [BV99]. They constructed the first morphable model
[BV99, BAPT17, BRZ716, LGJV17] by performing dimensionality reduction on a
set of meshes representing human faces with a fixed topological structure (number
of vertices and triangulation). Their shape model is a PCA-based implementation
that produces new shape instances from a combination of linear basis of shapes.

Specifically, a novel shape instance 7T's(3) is obtained from

Ts(B) =T + Bs(B) 3.1)

where T' € R3" is the mean shape of the model with N vertices and Bs((3) is a blend
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shape function
18]

Bs(B) = BaSa. (3.2)

d=1
S =[S1,...,Sp| € R**P is the orthonormal basis matrix of the shape eigenvectors
and 3 = [3,,...,8p]" is the shape vector that contains shape parameters (blend
weights). The number of principal components D defines the degree of freedom of

the model.

The first shape model of the human body was created by Allen et al. [ACCPO3]. They
constructed a PCA model from 250 registered body scans in an A-pose coming from
the CAESAR dataset (Figure [3.2)). Registration is the process of finding a spatial
transformation that aligns two sets of vertices. This allows us to parameterize a
collection of meshes to a form where each mesh has the same number of vertices
and topology by aligning a source surface (e.g. body template) to the target (e.g.
body scan). Registered meshes are said to be in dense correspondence with one

another because semantically corresponding points are mapped onto each other.

The pose changes are obtained by applying linear blend skinning which interpolates
rotations matrices assigned to the joints to transform a vertex. This technique, widely
used in computer graphics, causes the loss of volume of the surface close to the
joints. The follow-up work [ACPHO6] addresses this issue by adding a corrective
offset. Newer models have been developed to improve modelling of pose and shape
variations and include dynamic soft-tissue deformations [ASK™05, [HSS*09, [CLZ13|

HLRB12, PMRMB15].

3.2 SMPL

We discuss the Skinned Multi-Person Linear model (SMPL, Figure (3.3) [LMR"15] in

details because it has become a standard method for 3D human body understanding
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Figure 3.2: Registrations of the body scans from the CAESAR dataset. Reproduced
from [ACCPO3].

research. To learn shape deformations, the authors use 1,786 high-quality 3D scans
of different subjects performing a wide range of poses. The scans are registered with

an artist created mesh that has 6,890 vertices.

The model with NV vertices and K joints is defined by the function M (3, 8) that maps
shape and pose parameters (3 € R!?l and 8 € RX*3 respectively) into an instance of

the model represented by a mesh:
M(,0;¢) : ROl _, R3N (3.3)

where |3| depends on the training procedure and ¢ is a set of learned model param-
eters. In subsequent sections, we define each parameter and derive a differentiable

formula for M (3, 0; ¢).

T

@T, W ®T+Bs(@). (B ©Tp(B.6) = T+Bs(A)+Bp@) @ W(Tp(B,8),J(3),6,W)

Figure 3.3: SMPL body model. Reproduced from [LMR15].



3.2. SMPL 23

3.2.1 Linear Blend Skinning

The objective of this section is to obtain a parameterized control over the pose of the
template with realistic deformations. Defining pose deformations for each vertex is
impractical. It is more efficient to specify a function that deforms the template with
respect to the underlying skeleton. Skinning is the process of controlling deforma-
tions of a given mesh in a reference posture (e.g. T-pose for the human body) using a
set of deformation primitives such as rigid transformations associated with bones of
the underlying skeleton. Deformation can be parameterized by the angles between

joints in the kinematic structure.

Approach The general approach for skinning can be presented as follows:

1. Define joints which are local coordinate systems: J € R**3.

2. Define a set of pose parameters usually represented by three Euler angles per

joint: 8 € RX*3,

3. Define a function to represent the word transformation of a joint k: G.(, J) €

R4><4

4. Assign vertices into the object space of each joint. Each vertex can be assigned

to multiple joints.

5. Define a skinning function that transforms vertices according to the joint trans-

formations and weights defined for each vertex assignment.

Representing Rotations The kinematic structure is a tree which connects joints
into a hierarchical structure needed to represent rotations. The pose is defined by
0 = [wl, ..., wk]” where w; € R® denotes the axis-angle representation of the rel-

ative rotation of part j with respect to its parent in the kinematic tree. The axis
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angle w; for every joint j is transformed to a local 3 x 3 rotation matrix R; using the

Rodrigues’ rotation formula:

Rj:I+c3jsin||wj||—|—cﬁjcos||wj|| (34)

where w; = 72 is the unit norm axis of rotation, w; the skew-symmetric matrix
J

of the 3-vector w;, and I € R** is an identity matrix. The skew-symmetric matrix

is a square matrix which transpose equals its negative, i.e. w] = —w;. It has the

following form:

wj; = Wis 0 —wj1| - (3.5)
—(ng (Djl 0

If we apply the Rodrigues’ formula to our skeleton with K joints, we obtain the
rotation R, for the root frame with respect to the world and relative joint coordinate
frames Ry, R, ..., Ri. The world rotation of a joint j depends on rotations of all its

parents in the kinematic structure: R\ R;...Rparent())-

Skinning Functions We denote the ordered set of joint ancestors of a joint & in the

kinematic structure as A(k). The world transformation of a joint & is given by:

Rjn ij Rj13 jjl

Ri. Ri R ;-
Gu(6,]) = H jo1  ljgg Lljaz  Jjo (3.6)

JEA(K) Rj31 Rj:sz RJ’33 jjg

0 0 0 1

where j, is a 3-element vector in J.

In order to find the joint’s position in the world coordinate system, we need to apply

an inverse of G, for the reference pose 8*: G(0*, J)~ ' Jy.
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Now, we are able to find the new joint’s position J,:

GL(0,T) = G4(0, J)Gy (6, )", (3.7)
J, T

= G(0,J) (3.8)
1 1

This gives as transformation for the underlying skeleton. However, we also want
to compute new positions for template vertices. The following subsections describe

two skinning functions.

Rigid Skinning In rigid skinning, each vertex is associated with a single joint and
transformed into the world space by the appropriate joint matrix. Therefore, every
vertex t; € R? in the rest pose T' € R3N assigned to a joint k is transformed into ¢;

according to:

~G(0,J) (3.9)

This approach leads to discontinuities near joints and causes a separation of seg-

ments that should be continuous.

Linear Blend Skinning We can remove the discontinuity by linearly blending ver-
tices near the joint. This method is wildly used in the industry due to its computa-
tional efficiency. In linear blend skinning, each joint influencing deformation of the
mesh is given a scalar weight and the weighted sum gives the vertex position in the
new pose:

t/ u t;

= (wixG}(0,7)) (3.10)
1 k=1 1
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where W € RY*X are blend weights which elements w;; represent how much the
rotation of part k influences the vertex i. To support efficient computation, W should
be sparse with usually at most 4 parts influencing a vertex and each row of W should
sum to 1 (e.g. this allows defining the last column of W implicitly and compute it
at run-time). We denote the skinning function that transforms each vertex of the

template according to Equation in the following way:

W(T,J,0,W) : R3N*IJXIOXIW] _, g3N (3.11)

3.2.2 Joint Locations

The joints are defined as the function of shape parameters 3 and represented by

their 3D locations in the rest pose:
J(B; T, T,S)=J(T + Bs(3; 9)) (3.12)

The matrix J regresses from vertex locations to joint locations. It can be initialized
by segmenting the model into K rings surrounding anatomical joints. This seg-
mentation is used to compute the joint locations by taking the average of the ring

segments.

3.2.3 Pose-Dependent Deformations

We denote as R : RI°l — RX a function that maps a pose vector 6 to a vector of
concatenated rotation matrices (Equation |3.4). The vertex displacement Bp(0; P)

from the mean template is computed as follows:

Bp(6: P) = 3 (R.(8) — R,(6")P, (3.13)

n=1
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Notation Dimensionality Description

J¢] RP A vector of shape parameters.

(7] RE>3 A matrix of pose parameters.

T R3N The mean of the shape model.

w RN*K Blend weights of the skinning function.

S =[Si,..,Sp] R3N*D A matrix of shape displacements.

P =[Py, .. Py RWNK A matrix of pose displacements.

J RIS Joints in the rest pose template.

J REXN A matrix that transforms rest vertices into rest joints.

Table 3.1: A summary of SMPL model parameters.

Notation Dimensionality Description

Bs(0) RP — RV A blend shape function.

Bp(6) RIOI — R3Y A pose displacement function.
W(T,J,0,W) R3NxIxI0IxIWI _ R3N A linear blend skinning function.
J(B) RP — R3K A joint regressor to compute K joints.

Table 3.2: A summary of SMPL model functions.

where the blend shapes P, € R3" are displacement vectors learned to minimize
the distance between the model and registrations. R, (0) denotes the n'" element of

R(6).

3.2.4 Summary

The model M(3,0;¢) : RIA=I6l — R3N with N vertices, K joints, and D shape

components is defined as:

M(B,0) = W(Tr(8,6),J(8),0,W) (3.14)

The template is modified in an additive way before skinning:

Tp(3,0) = T + Bs(B) + Bp(6) (3.15)

Table [3.1]and Table[3.2] summarize model parameters and functions described in this

chapter.
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Figure 3.4: Hand models (sorted by a year): 1 - Rehg et Kanade [RK94], 2 - Oikono-
midis et al. [TOATT], 3 - De La Gorce et al. [dLGFP11], 4 - LibHand [S11], 5 - Ballan
et al. [BTG'12], 6 - Melax et al. [MKO13]|, 7 - Sridhar et al. [SOT13]], 8 - Schmidt
et al. [SNF14], 9 - Qian et al. [QSW*14b], 10 - Sharp et al. [SKR*15], 11 - Khamis
et al. [KTS*15], 12 - Tagliasacchi et al. [TST*15], 13 - Tzionas et al. [TBS*16b],
14 - Tkach et al. [TPT16], 15 - Taylor et al. [TBC*16]], 16 - Romero et al. (MANO)
[RTB17]. Figures reproduced from the cited papers.

3.3 Hand Models

The progress of hand modelling is aligned with developments in statistical deformable
modelling of the human body. We group hand models into three categories depend-

ing on the shape representation. We visualize selected models in Figure

Geometric Approximations Okinomidis et al. [IOA11, (OKA11, (OKA12

model the hand by approximating its shape with 3D geometric primitives: "The palm
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is modeled as an elliptic cylinder and two ellipsoids for caps. Each finger consists of three
cones and four spheres, except for the thumb which consists of an ellipsoid, two cones
and three spheres.” The parametrization of hand kinematics is crafted manually and
constraints are based on anatomical studies. Qian et al. [QSW™14b]] approximate
the polygonal mesh model used by Okinomidis with 48 spheres to provide a simple
geometric representation that speeds up computations and supports real-time hand
tracking. Melax et al. [MKO13]] propose a representation based on the union of con-
vex rigid bodies. The geometric primitives are also considered in models produced
by Rehg and Kanade [[RK94], in the work based on real-time registration [TST*15],
or to obtain a surface composed of the convex-hull of the spheres [TPT16]]. In DART
[SNF14], rigid geometric parts are voxelized and the surface is represented via a
signed distance function. The volumetric extent of the hand can also be represented

as a mixture of weighted 3D Gaussian functions [SMOT15, ISOT13].

Template Skinning A linear blend skinning (LBS) model [LCFOQ] consisting of a
triangular mesh with an underlying kinematic skeleton and a set of skinning weights
is applied for motion capture of hands interacting with objects [BTG"12, TBS™16b].
The achieved results [BTG™12] are robust but require manual rigging and a multi-
camera capture setup. Taylor at al. [TBCT16] also use LBS but they represent the
smooth surface based on approximate Loop subdivision. To fit a hand into monoc-
ular images, De La Gorce et al. [dLGFP11] model the hand with a triangulated
surface posed using skeleton subspace deformation. Scaling parameters are defined
for each bone to accommodate different hand shapes. Recently, a Phong surface
model [SCY"20] has been proposed to enable fast hand tracking on a head-mounted

holographic computer (HoloLens 2) with a low computational budget.
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Personalized Shape Modeling Taylor et al. [TSR"14] address a problem of ac-
quiring a user-specific model from depth sequences. The model is based on sub-
division surfaces that allows simultaneous optimization over correspondences and
model parameters using nonlinear minimization. Khamis et al. [KTS™15] learn a
deformable hand surface model from a set of noisy partial depth scans of 50 people
performing various poses. A hand shape is parameterized as a linear combination
of the basis matrices and the subdivision surface model is posed with LBS. MANO
(hand Model with Articulated and Non-ridig defOrmations) [RTB17], discussed in the
previous chapter on hand reconstruction background, is similar to SMPL and rep-
resents subject-specific shapes with a learned linear function and pose-dependent
corrective blend shapes. DeepHandMesh [MSIL.20] learns a personalized model in
a weakly-supervised manner from multi-view depth maps and estimated 3D joint

coordinates.

3.4 Unified Models

SMPL+H [RTB17] extends SMPL by learning hand shape variations from full body
scans that have low resolution for hands and transferring pose-dependent offsets
from MANO. Frank [JSS18]] stitches a publicly available deformable face model
[CWZ'13] and an artist-created rigged hand template to SMPL. SMPL-X [PCG"19]
attaches the FLAME head model [LBB"17] to SMPL+H and fits the full model to
scans to avoid stitching artifacts that are evident in Frank. Recently, researchers pro-
posed to replace PCA-based models and learn non-linear shape variations by training
variational autoencoders implemented as fully-connected layers [XBZ"20]. Their

unified model is learned from full body scans and close-up scans of heads and hands.
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3.5 Geometric Deep Learning

In the following subsections, we discuss seminal works on graph convolutions, that
constitute building blocks of a mesh autoencoder that we train in Chapter 5| where
filtering is performed in the spectral domain. Our interest lies in applying deep learn-
ing to learn invariant shape features in a triangular mesh [BBL"17]. To this end,
spectral approaches [BZS1.14, DBV16, KW17, LMBB18] express convolutions in the
frequency domain. Spatial convolutions define local charting [MBBV15, BMRB16),
MBM ™17, LDCK18] that allows addressing the issue of orientation ambiguity by im-
posing a canonical direction or angular max pooling. Moreover, the fixed topology
of a triangular mesh can be leveraged to design pooling functions based on mesh
coarsening methods. Alternatively, convolution operators can be defined with an

attention mechanism to weight the neighbour selection [VBV18, VCC*18].

3.5.1 Graph Laplacian

We are interested in analyzing signals [SNFT13] defined on an undirected graph
G = (V,E,W) where V is a set of vertices, £ a set of edges, and W a weighted
adjacency matrix. A signal f : V — R can be represented as a vector f € R", where

the i** component of the vector f represents the function value at the i** vertex in V.

Non-normalized graph Laplacian is defined as
A=D-W (3.16)

where D = diag(}_; W;) is the degree matrix. For any signal f € RY the graph
Laplacian satisfies

(Af)(E) = Wi (£() = f(5)) (3.17)

JEN;
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where N; = {j | (i, j) € E} it the neighbourhood of a vertex i.

Graph Laplacians are symmetric and positive semi-definite. Therefore they have a
complete set of orthogonal eigenvectors ® = (¢4, ..., ¢,) where n = |V| with real,

non-negative eigenvalues \q, ..., \,, satisfying

A, = \i¢;. (3.18)

Due to the above properties, A admits an eigendecomposition
A= pAp" (3.19)

where A = (A, ..., Ax).

The Dirichlet energy of f is the measure of the smoothness defined as

111 = 5D wlfi— 12 = £7Af (3.20)

3.5.2 Graph Fourier Transform

Graph Fourier Transform is the expansion of f in terms of the eigenvectors of the

graph Laplacian
N
fn) =< F.on>=>_ [(0)6i(0), (3.21)

which can be written in the matrix form:

f=9¢"f. (3.22)

From the previous equation, we can see that the inverse graph Fourier transform is



3.5. Geometric Deep Learning 33

given by
N
FG) =" F)an(i) (3.23)

or equivalently

f=9of. (3.24)

3.5.3 Graph Filtering

Graph filtering is the process of representing an input signal f,, in terms of the
eigenvectors of the graph Laplacian and amplifying or attenuating the contributions

of some of the eigenvectors with a filter h to obtain f

out :

Jout(N) = fm()\l) (Ar). (3.25)

If we take an inverse graph Fourier transform, we obtain

Fout 3) anlh@) (3.26)

Small spatial support of the convolutional filter reduces the risk of overfitting. From
the Parseval’s identity we observe that smoothness in the frequency domain corre-

sponds to localization in space:

o f(w)|’

S| dw. (3.27)

[ urwpa- [
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3.5.4 Spectral CNN
Bruna et al. [BZSL14] expressed convolutions in the spectral domain

(f xh) =h(A)f (3.28)
where the filter is parameterized using a smooth spectral transfer function:

h(A) = ®h(A) DT (3.29)

~

h(A) = diag(h(\), ..., h(Ax)) (3.30)

This method has multiple disadvantages. The filters are basis-dependent and thus do
not generalize across domains. The method requires O(n) parameters per layers and
the computation of forward and inverse Fourier transforms has O(n?) complexity.

Moreover, there is no guarantee of spatial localization of filters.

3.5.5 Fast Spectral CNN

Defferrard et al. [DBV16] parameterized the filter with a Chebyshev expansion of
order r such that

h(A) =) o;Ti(A) (3.31)
j=0

where Ty (\) = 20Tj_1(\) — Th_a(\) with Ty = 1 and T} = X\. A = 2\ 'A — I de-
notes rescaling of the Laplacian eigenvalues from the interval [0, A,,] to [—1, 1]. This
approach has a constant number of parameters per layer and filters are guaranteed
to have r-hops support. There is also no explicit computation of the eigenvectors
resulting in O(nr) computational complexity. Noteworthy, the Graph Convolutional
Network (GCN) [KW17] that has gained large popularity simplifies this method by

considering first-order polynomials.



Chapter 4

Iterative Model Fitting

The existing hand pose estimation and mesh reconstruction systems significantly
underperform in non-laboratory environments. Given prevalence of deep learning
approaches, collecting the data from a distribution of non-laboratory images could
enable in the wild applications. However, annotating 2D images captured by hand-
held devices with 3D keypoints poses extreme challenges. One could try to leverage
a multi-camera setup; however, this is costly and has limited scalability to the extent
that it cannot be applied to everyday scenarios. There has been a growing interest in
building synthetic datasets. While there are some promising results, the difference in
performance of networks trained on datasets that come from a similar distribution to
the test samples is substantial compared to networks trained on rendered samples.
Moreover, training difficulty increases as the network is more prone to overfitting
and the sheer process of constructing synthetic datasets can be cumbersome. For
example, until recently there was no statistical texture model of the human hand.
Therefore, sampling realistic skin patterns was an unresolved research problem. In
fact, we solve this problem in Chapter [9) but this is preceded by a large-scale data
collection effort. Another avenue of research is in aligning latent spaces of datasets

sampled from different distributions. These methods are conceptually very interest-

35



36 Chapter 4. Iterative Model Fitting

Figure 4.1: Minimizing the 2D reprojection error leads to anatomically invalid poses
in the absence of prior on joint rotation angles.

ing but have not proven state-of-the-art performance.

We propose an alternative solution to gather dense 3D mesh annotations for images
captured in a natural environment. We observe that 2D keypoint detectors perform
well because data collection can be performed by human contractors who annotate
keypoints manually. Given a robust 2D keypoint detector, we propose a system to
align a 3D hand model with 2D annotations. The task is ill-posed because multiple
poses can be projected onto the image such that sparse 2D keypoints are aligned.
The unconstrained approach usually leads to anatomically invalid poses (e.g. fingers

bent in the opposite direction) as show in Figure

To address the pose ambiguity issues, we propose a novel prior on hand joint rota-
tions. Furthermore, we introduce a fast and accurate method for dataset generation
from unlabeled images, that relies on fitting a hand model to 2D keypoint detections
while respecting a prior on rotation angles. Our data generation algorithm processes
a sequence of YouTube videos, generating a curated dataset of images with 3D hand
meshes. As a result, we introduce the first dataset with 3D hand annotations of
50,175 hand meshes aligned with in the wild images comprising hundreds of sub-
jects performing a wide variety of tasks. The quantitative evaluation is performed in
Chapter [6] where we also show that systems trained with the novel dataset signifi-
cantly outperform existing approaches in laboratory and in the wild scenarios. Both

qualitative and quantitative results show cutting-edge results.
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Figure 4.2: Iterative model fitting.

To summarise, our contributions are as follows:

e We introduce an automated approach to generate training data from unanno-
tated images for 3D hand reconstruction and pose estimation. The proposed

method is scalable and does not require large computational resources.

e We release the dataset of 50,000 meshes aligned with frames selected from

over a hundred YouTube videos.

4.1 YouTube 3D Hands Dataset

Despite the wealth of possible applications, there are no datasets for monocular 3D
hand reconstruction from RGB images in-the-wild. The only existing collection of
images of hands captured in a non-laboratory environment [[SJMS17] contains less

than 3000 samples with a manual annotation of 2D points.

In order to train a neural network for the 3D reconstruction of hands across different
domains, we have built a system for fast and automated dataset generation from
YouTube videos, providing us with a diverse set of challenging hand images. Instead
of annotating them manually, we use a weakly-supervised approach that first detects
keypoints using OpenPose, and then lifts them into 3D shapes by iteratively fitting a

3D deformable model. While the accuracy of the trained model could be bounded by
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the performance of OpenPose, we show in Chapter [6| that it results in a state-of-the-
art 3D hand reconstruction and pose estimation system when evaluated on external

datasets with manual annotations.

4.1.1 3D Shape Representation

Our approach relies on fitting the MANO model in tandem with a prior on angles
of rotation. MANO predicts N = 778 vertices on the hand surface and K = 16
joints through a differentiable function M (f3,6) that maps shape 3 € R/%l and pose

6 € RE>*3 parameters into an instance of the model represented by a mesh:

M(B,0,Ts,s;¢) : RIFIIxTslxlsl _ v (4.1

where | 3| depends on the training procedure and ¢ is a set of learned model param-
eters that we omit in a further discussion. Moreover, we have camera parameters s
for scaling the model and T'; € R? to translate it. Global orientation is modeled by

the first row of 6.

Rather than model the joint angles as free variables, which can lead to impossi-
ble estimates during optimization, we constrain them to lie in the convex hull of
some pre-computed cluster centers. For joint i we use C' = 64 Euler-angle clusters

P! .. PiC obtained via k-means [[GK19] and express any angle as follows:

c C C
_, exp(w) P
@:Pmﬁzzﬁ p(w) P (4.2)
Zc:]_ eXp(wc)
While constraining the final angle estimate to take plausible values, at the same time
this expression allows us to optimize over unconstrained variables w°. We represent
all constrained angles in terms of a parameter matrix w € R**¢, while allowing

global orientation wq to be unrestricted.
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® 2D Reprojection Term @ Bone Length Preservation Term

Minimizes the distance between 2D joints. Preserves the length of each edge in the hand skeleton tree.

‘ h l‘ ZC exp(w®) Pf
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Figure 4.3: Error terms for the parametric model fitting and pose prior explanation.

We have observed by training various models and building a graphical interface for
manipulating latent variables that this simple approach performs particularly well in
our scenario. Specifically, it requires only a small dataset of angles, unlike VAE pri-
ors; restricts pose space to plausible poses, unlike PCA priors that are characterized
by unrealistic interpolation which can lead to intersecting fingers; and allows fitting
unseen poses. However, it does not model pairwise dependencies, which we leave

to future work.

4.1.2 Parametric Model Fitting

Our supervision comes in the form of 2D landmarks extracted by OpenPose. We
define a fitting procedure that tries to find a matching 3D pose from the MANO
mesh through a sparse matrix J € RV*(5+5) that regresses from model vertices to

K = 16 joint and F = 5 fingertip positions, delivering the hand pose J € R(Z+F)x3;

J(B,w, Ts,8) =T " M(B, P(w), Ts,s). (4.3)
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We fit the model to 2D annotations by minimizing the following objective:

{ﬁ*’ w*’ T;, 3*} — argﬂm%“n (EQD =+ Ebone + Ereg), (44)
W, L5,8

consisting of a 2D reprojection term Es,p, a bone length preservation cost Ej,,., and

a regularization term FE,.,. We visualize the error terms in Figure

In particular, the joint error term minimizes the distance between 2D joints
Esp(B,w,Ts,s) = ||Aan(x(J (B, P(w), Ts, 5)) = Y)||? (4.5)

where Y are 2D detector predictions and Il is the intrinsic camera projection to 2D,
initialized as in the approach of Pavlakos et al. [PCG"19]. A,p is an experimentally
chosen mask that amplifies the influence of fingertips by 1.7 and wrist by 2.5 and
reduces influence of the metacarpophalangeal (MCP) joints (base of each finger)

that are often inaccurately annotated by 0.7.

The bone loss E,,. ensures that the length of each edge in the hand skeleton tree £

is preserved, i.e.

BEyone(B,w,Ts,s) = Z | ||J2Dj — Jap,
(i,)e€

—[IY; = Yi|| | (4.6)

where Jng. = HK(J(B,U),T(;, 3))1

The regularization term E,.,(3,6) = \||0||* + Ag||3||* penalizes deviations from the

mean pose to ensure realistic deformations. The hyperparameters Ay = 0.1 and

As = 1000 were chosen experimentally.
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4.1.3 Optimization

We use the Adam optimizer with different learning rates for camera, pose, and shape
parameters (1072, 1072, 1075 respectively) and small learning rate decay (multiplica-
tive factor of 0.95) after each 500 iterations. We start with 1,500 iterations optimiz-
ing over camera parameters and global orientation where the joints set is reduced to
a wrist and MCP joints excluding thumb. Afterwards, we perform 2,500 iterations
over all parameters. We fit 4,000 samples per batch on GeForce RTX 2080 Ti which

takes on average 10 min.

4.1.4 Automated Data Collection

The data collection system iterates a list of YouTube links, downloads a video, ex-
tracts frames, runs OpenPose, fits MANO to each frame, and selects a small subset
of filtered samples. The depth of the projected mesh is proportional to the ratio
of standard deviations between X coordinates of the projected mesh and its world

position.

Filtering of plausible samples is performed by thresholding total OpenPose confi-
dence score, per-joint confidence score, and the mean squared error between pro-
jected MANO joints and OpenPose predictions normalized by the distance from the

camera.

To create our YouTube dataset, we process 102 videos for the training set and ran-
domly select at most 500 samples per video that meet the threshold conditions. Most
of the samples cover sign language conversations performed by people of wide vari-
ety of nationality and ethnicity. Some videos include, for example, a hundred people
signing a common phrase to a webcam all over the world. The validation and test

sets cover 7 videos with an empty intersection of subjects with the training set. We
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Figure 4.4: Samples from the YouTube dataset.

selected test videos to be diverse and challenging including conversations captured
outdoor, dance poses, American, Australian, and Taiwanese sign languages. Addi-
tionally, we run our system on the COCO dataset and extract 7,048 hand
images for training. The combined training set contains 54,173 samples and valida-

tion and test sets count 1,525 images each. Samples from the dataset are visualized

in Figure 4.4
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4.2 Conclusion

We have introduced the largest and most diverse dataset of 3D hand meshes aligned
with in the wild images. In order to collect the images, we proposed a fully au-
tomated procedure that extracts frames from YouTube videos and fits a parametric
hand model into 2D keypoint detections. The dataset can enable hand reconstruc-
tion systems that work in non-laboratory environments which can lead to novel aug-

mented and virtual reality applications or sign language recognition systems.






Chapter 5

Mesh Autoencoder

The existing body and hand models have limited ability to represent shape varia-
tions. Changes in the subject-specific hand shape are usually modeled with linear
bases and surface changes due to skeleton rotations are obtained by blending ro-
tation matrices assigned to the joints. Some methods propose to learn additional
offset functions to address artifacts of the skinning methods or learn soft-tissue de-
formations. The composition of different functions leads to over-parameterization

that slows down inference time and increases training difficulty.

Promising results came from Ranjan et al. [RBSB18]] who proposed to use spectral
convolutions to find a low-dimensional non-linear representation of the human face
in an unsupervised manner. The network requires 75% less parameters than a PCA-
based morphable model and obtains competitive reconstruction results. Cheng et
al. [CBZ"19] define this architecture in an adversarial setting obtaining more de-
tailed reconstructions and Zhou et al. [[ZDKZ19]] include additional features in the

graph structure to predict the face shape with texture.

Inspired by this approach, we propose to train a mesh autoencoder on highly artic-

ulated data of human hands (Figure |5.1). Our experiments show that we are able
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Input Mesh Spectral Encoder Spectral Decoder Reconstructed Mesh

latent
vector

Figure 5.1: Mesh autoencoder learns a low-dimensional latent representation of 3D
hand shapes.

to learn a latent non-linear representation of hand meshes in an end-to-end manner.
In the proposed framework, pose deformations are learned directly by a neural net-
work and therefore the model does not suffer from computational drawbacks and
training inefficiency of skinning methods with corrective offsets. It also has a signifi-
cantly smaller number of parameters than the initial model and constrains the space

of valid poses.

5.1 Model Implementation

To find a non-linear representation of 3D hand shapes, we follow design choices
of CoMA [RBSB18] which is a mesh autoencoder with four layers of fast spectral

convolutions followed by sampling.

We start with input mesh with 7,907 vertices followed by sequence of convolutions
(16, 32, 32, 48 filters) and downsampling - that we discuss later - after each convo-
lutional layer (4, 4, 2, 2 graph reduction factors). Afterwards, we apply a fully con-
nected layer to obtain a latent vector with 64 parameters. The decoder is symmetric.
We choose leaky ReLU for the activation function based on experimental evaluation

and we use a smaller filter with the Chebyshev polynomial of order r = 3.

The training data comes from a MANO-like model with 7,907 vertices. We train

the network for 6 hours on a single GeForce RTX 2080 Ti with a batch size 64 and
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learning rate 0.001. In addition to the L1 reconstruction loss, we impose an L2
penalty on the latent vector weighted by 5e-7 and we use L2 regularization scaled
by 5e-5. The loss function is minimized with AdamW opimizer with a decay factor
10e-6. Our deformable model of the human hand is the decoder with Z = 64 latent

parameters.

Sampling We create a hierarchy of meshes with the number of vertices reduced
by the factor of 2 at each stage of the decoder. We contract vertex pairs based
on quadric error metrics [GH97] that allow the coarse vertices to be a subset of
the denser mesh. We project each collapsed node into the closest triangle in the
downsampled mesh [RBSB18] and use the barycentric coordinates of the projected

vertex to define interpolation weights for the upsampling matrix.

More specifically, we project a vertex v, € V discarded during contraction into the
closest triangle v;, v;, v, € V; of the downsampled mesh V, obtaining v,. We compute
its barycentric coordinates wy, we, w3 such that v, = w;v; + wev; +wsvy, and wy +ws +
ws = 1. The upsampling matrix @), € R™*", for which V,, = Q,V; and m > n hold,
is formed by setting (),,(q,?) = w;, Qu(q, j) = w;, Qu(q, k) = wy, and Q,(q,l) = 0 for
I &{i,j,k}.

5.2 Data Acquisition

There are no large collection of meshes that can be used to train our system. There-
fore, we build a new high resolution hand model following MANO with ten times
more vertices and removed scale variations from PCA linear bases. Afterwards, we
also compute a distribution of valid poses from registrations of around a thousand

scans from the MANO dataset to sample realistic meshes for training the autoencoder
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Figure 5.2: a) Random shapes sampled from our high resolution linear model. Posed
examples can be found in Figure b) Samples from the MANO model (taken from
[RTB17]).

Target Reconstruction Target Reconstruction

Figure 5.3: Autoencoder reconstruction results for challenging samples in terms of
the pose (left pair) and shape (right pair).

Hand Model. The number of vertices in MANO (778) is not sufficient to realis-
tically model shape deformations of the human hand. A potential increase in the
number of vertices introduces difficulties with scan registrations and significantly in-
creases optimization time for the tasks of parameter training and pose fitting. More-
over, the shape model in MANO was created by applying a dimensionality reduction
to rigidly aligned scans. This results in a first principal component that models scale
deformations. This is undesirable for our model fitting procedure that applies a

similarity alignment at the beginning of optimization. To address these issues, we

Figure 5.4: Interpolation in the latent space between two random samples. Please,
note that source and target shapes (e.g. finger length) are also different.
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introduce a hand model with 7,907 vertices which is more than SMPL and MANO
combined. We register the reference template to a set of scans with selected key-
points. Then the shape components are computed by applying PCA to the set of
Procrustes aligned registrations. The size of the model is controlled by a scale mul-

tiplier. Figure |5.2|shows that we are able to model fine-details of the hand surface.

We create a PCA shape model from D = 36 registrations of the rest pose {T"}2, to
obtain the set of parameters {T', S}. Random blend shapes are shown in Figure
We analyse the cumulative ratio between the variance captured by the active com-
ponents and the total amount of variance. It turns out that 99% of the variance is

explained by 24 principal components and 85% by 6 components.

Pose Sampler. We use samples obtained from our high-resolution linear model to
train the proposed mesh autoencoder. The shape coefficients are sampled from a
standard normal distribution. In order to sample plausible and diverse hand poses,
we resort to the distribution of joint angles in the MANO database. For each 15
joint angles in the human hand kinematic tree, we compute euler-angle clusters via
K-means [[GK19]. During synthesis of training samples, we randomly select euler-
angle cluster centers for each joint, effectively sampling shapes from the manifold of

plausible shapes. In our experiments, we have used 64 rotation centers.

5.3 Evaluation

The quantitative evaluation is performed on the task of reconstructing 3D hands
from images in Chapter [6] Qualitatively, we show that the autoencoder produces
visually indistinguishable reconstructions from the input (Figure and has a

meaningful latent representation providing smooth transitions in the latent space

(Figure [5.4).
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5.4 Conclusion

We have introduced the first hand model learned end-to-end from a collection of
meshes in an unsupervised way. The model is capable of generating realistic posed
hand shapes with 7,907 vertices. We achieve this by training a mesh autoencoder
with convolutions performed in the frequency domain. The decoder has only four
layers resulting in low computational requirements. Interpolation in the latent space
produces meaningful transitions enabling fast optimization for the problem of model

fitting by regressing latent parameters as we show in Chapter [6]
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3D Hand Reconstruction in the Wild

Monocular 3D hand reconstruction can facilitate a broad array of applications in
human-computer interaction, augmented reality, virtual telepresence, or sign lan-
guage recognition. Despite a wealth of potential applications, the current state-
of-the-art methods do not generalize well to samples captured in a non-laboratory

environment and cannot provide real-time mobile inference.

In this chapter, we present solutions that enable on-device reconstruction of a dense
hand mesh in the wild that have been already adopted by the industry based on
our publications. Even though our method can deliver a dense hand mesh, we out-
perform systems that try to solve a more narrow task of estimating coordinates of
a sparse set of keypoints usually corresponding to hand joints and fingertips. The
standard approach is to regress heatmaps of 2D landmarks and find a matching 3D
pose [ZB17, [POA18, MBS'18]]. More recent works, that also focus on full-blown
mesh reconstruction, rely on fitting deformable models to estimated landmarks, ef-
fectively exploiting a prior distribution in 3D shape space to perform 3D reconstruc-
tion [BBT19, ZLM™ 19, BKK19, HVT"19al]. Such models are usually parameterized
by angles of rotation and weights of a linear deformation function [RTB17]. We

propose an alternative solution for 3D deformable alignment and reconstruction of
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articulated shapes by exploiting the intrinsic structure of the 3D hand meshes using

graph convolutions based on our findings from Chapter 5]

Our first key contribution is a graph convolutional mesh reconstruction method from
a single image. Furthermore, we propose a weakly-supervised training method for
3D mesh reconstruction trained primarily on a large-scale dataset of hand action
images gathered from YouTube videos that we introduced in Chapter Beyond
the data-centric advancements, we also obtain a substantial improvement by using a
spatial mesh convolution method that is based on neighbourhood ordering. We train
the final end-to-end system from scratch by using an objective function that merely
enforces the reconstruction of a hand mesh that is aligned with the image. Finally,
we show how the proposed system outperforms all existing approaches as evaluated

on public benchmarks and enables novel industrial applications.

Our system attains 50% lower hand pose estimation error compared to the currently
best model on the in-the-wild scenario, which is our main focus. It also outperforms
previous methods on hand pose estimation in controlled environments, without tun-

ing or overfitting on a particular dataset.

To summarise, our contributions are as follows:

e We propose a novel framework for hand reconstruction based on the idea of

encoding images into a latent non-linear representation of 3D hand shapes.

e We propose a simple loss function for mesh reconstruction that allows training

neural networks with no intermediate supervision.

e We demonstrate that spatial mesh convolutions outperform spectral methods

and SMPL-based [LMR™15, RTB17] models for hand reconstruction.

e We largely outperform the current state-of-the-art on pose estimation and mesh
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Figure 6.1: Graph Morphable Model regression baseline. The presented system gen-
erates a 3D hand model corresponding to the hand in the image. The system consists
of two branches trained simultaneously. The network in the top branch is capable
of generating 3D hand models from a single image in a wide variety of shapes and
poses. The ground truth meshes are aligned to the mean hand model in a canonical
frame. The network in the lower branch regresses parameters of a weak perspec-
tive projection to align the generated mesh with the image. The gradient from the
keypoints loss does not flow through the top branch to prevent the camera regressor
from affecting the quality of mesh reconstructions.

reconstruction tasks, while using a simple and single-shot encoder-decoder ar-

chitecture.

e We show that the system works in real time on mobile devices at 250 FPS while

maintaining a superior accuracy.

6.1 Graph Morphable Model

In Chapter [5] we built a mesh autoencoder and showed that a generator can act as a
statistical deformable model, capable of modelling different shapes and poses, that
we refer to as a Graph Morphable Model (GMM) to emphasise that it is obtained by a
dimensionality reduction using graph neural networks. Based on these findings, we

propose a method to regress latent vectors that control deformations of this model
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from hand image crops which is shown in Figure

Network Architecture The single image mesh generator consists of the image en-
coder Ej,qqe, for which we use the DenseNet-121 network [HIVDMW17], pretrained
on the ImageNet classification task. The outputs of the E,,,,, are a mesh embedding
that is passed to the pre-trained Graph Morphable Model D¢/, and a camera em-
bedding fed into fully connected layers to estimate parameters of a weak perspective
camera D, The hand joints, obtained by taking the average of the surrounding
ring vertices in the generated mesh, are projected onto the image plane to compute

the loss based on 2D keypoint annotations. More specifically, we minimize the loss:

L= Z D}z - DGMM(Eimage(Xi))|1
+ )\kpts Z |Z - Dcamera(Eimage(Xi»’l (61)

+ Aembed Z HEimage(Xi)lzZ| ’2

for ground truth meshes );, keypoint annotations .7;, and input images X;. We set
hyperparameters A, to 0.01 and A.upeq to Se-5. We also add L2 regularization

weighted by 1e-5.

During training, we freeze the weights of the GMM and train the image encoder and
camera regressor simultaneously for 130 epochs with the same hardware setting and
optimizer as the autoencoder but we set learning rate to le-4. The network is able
to reproduce hand pose early in the training while longer optimization reduces noise
around fingertips for extreme poses. We zero the gradient that flows from the cam-
era regression module through D¢,y as we find it to provide better reconstruction

results.
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Spectral, fixed | Spectral, fine-tuned | MANO-like
Reconstruction error [mm] 2.33 2.30 2.56
Inference time (generator) [ms] - 3.04 4.64
Inference time (generator) [fps] - 329 216
Number of params. (generator) 393,080 393,080 2,498,612

Table 6.1: GMM system performance. Mesh L1 reconstruction error, inference time,
and number of parameters for systems with different types of generators evaluated
on Panoptic DomeDb. The scale of the target meshes is smaller than in real world.

6.1.1 Evaluation

When we first proposed the GMM system, datasets with 3D hand mesh annotations
did not exist. We need the dataset where meshes are aligned in canonical coor-
dinates. To collect the dataset, we fit the high resolution parametric hand model
(Chapter[5) to 3D keypoints annotations from the Panoptic dome dataset [SIMS17].
This dataset provides 3D annotations of the whole human body including 21 hand
joints. It contains multiple sequences of videos with a large number of subjects cap-
tured from multiple views in a laboratory setting. We use a subset of around 30 syn-
chronized HD cameras and sample best annotations from a single camera in terms of
visibility after each 100th frame. Our preprocessed dataset contains 40360 training,
3000 validation, and 3000 test samples with 3D keypoint annotations projected to

the image coordinates.

We implement a baseline method that replaces a spectral decoder from Figure
with a TensorFlow implementation of our high resolution MANO model (MANO-
like). We also fine-tune the network (Spectral, fine-tuned) by training our network
(Spectral, fixed) for 170 more iterations without freezing the decoder’s weights.
Table shows that we are able to obtain a lower reconstruction error despite
the fact that the MANO model was used to generate the ground truth data in the
first place. The table also presents that the spectral decoder is six times smaller

in terms of number of parameters, obtains lower inference time, and operates in



56 Chapter 6. 3D Hand Reconstruction in the Wild

Input Image Projected Output Output Target

Figure 6.2: Qualitative results of the GMM system.

real-time. The DenseNet-121 image encoder runs at 53 FPS, therefore, the whole
system maintains real-time performance. The visualization of the results of the mesh

recovery system is presented in Figure 6.2
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Figure 6.3: We propose an approach for end-to-end neural network training with
mesh supervision that is obtained through an automated data collection method.
We process a large collection of YouTube videos and analyze them with 2D hand
keypoint detector followed by parametric model fitting (right side). The fitting re-
sults are used as a supervisory signal (‘mesh loss’) for a feed-forward network with
a mesh convolutional decoder tasked with recovering a 3D hand mesh at its output
(left side).

6.2 Direct Regression

We introduce further advances to the mesh regression system presented in the pre-
vious section that dramatically improves its accuracy and robustness. We propose a
simple encoder-decoder system, as demonstrated in Figure that directly recon-
structs the mesh in image coordinates and works in non-laboratory environments.
Spectral methods that we used for mesh convolutions are isotropic due to rotation
invariance of the graph Laplacian which might prevent the network from modelling
fine-details of the mesh surface. To address this limitation, we use a spatial con-
volutional mesh decoder D,,.,,, that imposes canonical ordering of neighbours to
localize the kernels which we experimentally have shown to be superior with re-

spect to alternative decoding strategies.

6.2.1 Spiral Operator

In our decoder we use the spiral patch operator for constructing spatial neighbor-

hoods. Lim et al. define a spiral selection of neighbours for a center vertex
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a) b)

Figure 6.4: a) Spiral selection of neighbours for a center vertex in clockwise order
(taken from [BBP"19]). b) The hierarchy of topologies used in our decoder.

v by imposing the order on elements of the k-disk obtained in the following way:

0-ring(v) = {v}.
(k+1)-ring(v) = N(k-ring(v)) \ k-disk(v),

k-disk(v) = Uj—. 1 i-ring(v),

where N (V') is the set of all vertices adjacent to any vertex in the set V. The spiral

patch operator [BBP™19] is then the ordered sequence S(v)
S(v) = (v, 1-ring(v), . . ., k-ring(v)).

As orientation, we follow the clockwise direction from each vertex and randomly
initialize the first neighbour of v. An example spatial configuration is demonstrated
in Figure The spiral convolution of features f(.S(v)) with the kernel ¢, can then
be defined by

(f*9)o=Y_ g0 f(Se(v)), (6.2)

where the spiral length L is fixed for each vertex in the same layer of a neural

network.
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Figure 6.5: Architecture of the spiral decoder. C'(w,!): A spiral convolution with w
filters and a spiral length [; U(p): upsampling by a factor p; F'C(d): a fully connected
layer with d output dimension; R(d,d,): vector reshaping into a d; x d, matrix.

6.2.2 Architecture

Given an image crop X centered around the hand, we embed it into a latent vector
Z = Ejimage(X) with 64 parameters. The decoder, D, takes the embedding as input
and produces a mesh Y = D,,.s1(Z). We use a standard ResNet-50 network as the
encoder, Ej,,.... The architecture of the spiral decoder is detailed in Figure If
the spiral sequence is shorter than required due to erroneous triangulation or mesh
border, we pad it with a node initially centered at 0. We only consider k-disks for
k = 2. We choose leaky ReLU for the activation function based on experimental
evaluation. The resulting topology hierarchy obtained using the sampling strategy is

shown in Figure The number of vertices at each layer n € {51, 100, 197, 392, 778}.

6.2.3 Training

The loss function consists of the L1 vertex reconstruction term and edge length

preservation component

L= )\vertem’j} - y|1

. . (6.3)
+>\edge Z |||yv_yuH_||yv_yu|| |

(uvv)egmesh
for ground truth meshes Y and set of edges &,..sn. Hyperparameters are set to
Avertez = 0.01 and .45 = 0.01. There is no explicit pose estimation loss because

we found it to have no effect. The joint coordinates are obtained during evaluation
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from a mesh as in Equation

The network is trained with the Adam optimizer with learning rate 10~* for 150
epochs. Learning rate decay with factor 0.1 occurs after 90-th and 120-th epoch.
The images are normalized with the mean and standard deviation computed from
the ImageNet training set and output meshes are normalized based on statistics com-
puted from the subset of our training data. We augment the data with random image
crops and transformations. The data augmentation is necessary for generalization to
real world examples where the input images cannot be cropped based on the ground
truth annotations. We train the network for 2 days on a single GeForce RTX 2080 Ti

with a batch size 32 and crop size of 192 x 192.

6.2.4 Evaluation

Mesh reconstruction methods have started gaining popularity only recently and
therefore there are no well-established benchmarks for hand recovery. To show the
robustness of our method, we evaluate it on popular hand pose estimation datasets.
Moreover, we show the hand reconstruction performance on the FreiHAND dataset
and conduct a self-comparison study of different mesh decoders on our YouTube
dataset. Lastly, we show that both major contributions, neural network architecture
and data annotation system, result in the state-of-the-art performance in the absence

of one or other.

Datasets For each of the datasets, beside FreiHAND that provides vertex annota-
tions (Section [2.4), we fit the MANO model following the optimization approach
described in Chapter 4] In case of 3D annotations, we only change the intrinsic cam-
era to the identity function in Equation 4.5/ and then we project the output mesh

based on dataset camera parameters. The depth is reconstructed as before.
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Ours MANO Fit [ZCY"19] MANO CNN [ZCY"19] Boukh. et al. [BBT19] Hasson et al. [HVT*19a] Mean Shape [ZCY'19 ']
Pose Error [mm] | | 0.84 1.37 1.1 3.5 1.33 1.71
Mesh Error [mm] | || 0.86  1.37 1.09 1.32 1.33 1.64
Pose AUC 1 0.834 0.73 0.783 0.351 0.737 0.662
Mesh AUC 1 0.83 0.729 0.783 0.738 0.736 0.674
F@5 [mm] 1 0.614 0.439 0.516 0.427 0.429 0.336
F@15 [mm] 1 0.966 0.892 0.934 0.894 0.907 0.837

Table 6.2: 3D pose estimation and mesh reconstruction performance on FreiHAND.
For the first two rows lower is better, for the other rows higher is better.

Metrics To evaluate hand pose estimation and mesh reconstruction performance,
we measure the average euclidean distance (Pose/Mesh Error), the percentage of
correct points (2D/3D PCK) for different thresholds, and the Area Under Curve
(AUC) for PCK. For 3D benchmarks, we measure the error after rigid alignment.
Before computing a 2D error, we orthographically project the estimated 3D pose.
For self-comparison study, we report the mean absolute error (MAE) in addition to

Mesh Error.

Hand Pose Estimation Figure [6.6] shows evaluation results on the MPII dataset.
Our system significantly outperforms other approaches, halving the Pose Error of

the leading MANO-based method and improving AUC by 0.21 points.

Figure |6.7| shows 3D pose estimation results on RHD. This is a very popular bench-

mark on which we also outcompete existing methods by a significant margin.

The proposed system also achieves a superior performance on the FreiHAND dataset
as proved in Table Notably, most of the competing methods in this benchmark

rely on MANO parameters regression.

Mesh Reconstruction We evaluate the quality of mesh reconstructions on the Frei-
HAND dataset (Table [6.2)). In addition to the standard metrics, we report the F-
score at a given threshold d (F@d) which is the harmonic mean of precision and
recall [KPZK17]. Qualitative results on the in the wild datasets can be found in Fig-

ure [6.8]and the comparison with a previous state-of-the-art is shown in Figure
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Figure 6.8: Qualitative mesh reconstruction results shown on YouTube (left half) and
MPII (right half).
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Input Image  Boukhayma Ours Input Image  Boukhayma Ours Input Image  Boukhayma Ours
etal.” etal.” etal.*

*3D Hand Shape and Pose from Images in the Wild
Adnane Boukhayma, Rodrigo de Bem, Philip H.S. Torr, CVPR 2019

Figure 6.9: Qualitative performance comparison with state-of-the-art for in the wild
hand reconstruction. Our system is two times more accurate; the difference is espe-
cially visible on blurry images, hands wearing gloves, saturated images, and hands
interacting with objects.

Self-Comparison Table [6.3|and Table show the pose estimation and mesh re-
construction error on different types of mesh decoders. To perform broad hyper-
parameter search that ensures fair comparison of the baseline methods, we use a
reduced training dataset, corresponding to row 6 in Table to speed-up optimiza-

tion.

Spiral refers to the proposed approach, Spectral follows the GMM architecture
but with no camera estimation branch. Spiral GMM is the spiral implementation of
GMM which incorporates decoder pretraining that is fixed afterwards and a camera
estimation branch. Spiral GMM, tuned is a fine-tuned version obtained by resuming
training of all parameters of the Spiral GMM. Finally, MANO is similar to Boukhayma
et al. but with the loss function on mesh vertices instead of joints. We
observe that our edge length preservation loss term stabilizes MANO shape parameters
regression that in prior works was addressed by imposing a large L2 penalty

to mitigate divergence.

We find that a spatial method outperforms a spectral approach. Moreover, end-
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H Decoder Type H RHD [mm] MPII [px] YouTube [px] H

MANO 12.086 11.448 14.958
Spectral 11.638 9.858 13.612
Spiral GMM 11.138 10.074 11.999
Spiral GMM, tune 11.121 10.117 11.799
Spiral 11.052 9.434 10.698

Table 6.3: Pose Error. Performance with different decoders trained on a reduced
dataset.

Decoder Type MAE [px] Eri\c/ffs[tll)x]
MANO 13.023 27.485
Spectral 9.058 19.317
Spiral GMM 8.462 18.206
Spiral GMM, tune 8.380 18.057
Spiral 7.827 17.096

Table 6.4: Mesh reconstruction with different decoders on the YouTube dataset
trained on a reduced dataset.

to-end training with loss on meshes in the image coordinate system is better than

pretraining in the canonical frame and estimating camera parameters.

Comparison With Iterative Fitting Our system is supervised with meshes itera-
tively aligned with keypoint predictions. Naturally the question arises whether the
network performance is bounded by the performance of iterative fitting. We com-
pare both approaches on the only existing manually annotated in the wild dataset.
Additionally, we select 390 out of 846 samples that were filtered according to sanity

checks described in Chapter

Based on Table we observe that our system performs slightly worse to iterative

fitting on a filtered dataset. This is expected as these are samples on which the

H Model H MPII [px] MPII Filtered [px] H
[terative Fitting | 10.295 5.111
Network 9.265 5.555

Table 6.5: Comparison of the network performance with iterative fitting on the MPII
test set in terms of Pose Error.
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Figure 6.10: Our system, denoted as Ariel, is both faster and more accurate than
existing approaches.

keypoint estimator has very high confidence. Importantly, the network performs

much better when the whole dataset is considered.

Inference Time The network is also characterized by the strikingly faster infer-
ence time. Specifically, the reported timing (Chapter |4)) for iterative fitting of 4000
samples / 10 minutes is with a batch size of 4000. A single sample takes 110 sec-
onds (GPU) or 70 seconds (CPU) for fitting to 2D annotations, exluding keypoint
predictions. By contrast, our network inference time is 85 FPS (GeForce RTX 2080

Ti).

Most importantly, after optimization for faster inference on mobile devices, our
method facilitates real-time applications on mobile devices at 250 FPS (Apple A12/A13

Bionic) while maintaining superior performance (Figure[6.10).

Dataset and Method Ablation In Table we evaluate the system trained on
different combinations of datasets. By comparing rows 1-3, we observe that training

a mesh reconstruction system on our dataset leads to better results than training on
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ID|| MPI RHD MTC FreiHAND YouTube | D MPIL - YouTube
[mm] [px] [px]
1] X 15.398 14.930 35.032
2 X 13.258 16.558 23.409
3 X 12.448 10.572 11.052
[4] X X [ 11.205 11.547 18.539
5 X X X 11.202 10.965 16.214
6 x x X X 11.052 9.434 10.698
71 x x x X 10.926 9.672  12.637
8| x x X X X 10.922 9.292  10.536

Table 6.6: Pose Error. Performance on different combinations of datasets.

other outdoor datasets. Rows 5-8, show that the best results are obtained when our

dataset is included during training, even when adding it to the union of all other

datasets. We also observe state-of-the-art performance on RHD and MPII without re-

cent datasets such as YouTube, FreiHAND, MTC proving the efficiency of the proposed

neural network (Row 4). Similarly, Table shows that the MANO-based method

trained with the novel dataset and mesh loss obtains better performance than prior

MANO-based implementations indicating the importance of the contributed data

collection system.

Figure 6.11: The system shows impressive results on egocentric images enabling

potential applications for mobile and wearable devices.
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Figure 6.12: A London-based startup Ariel Al developed augmented reality mobile
applications that incorporate the proposed system. On the left, the thesis author
records himself on an entry level iPhone (SE) running a neural network capable
of processing images at 250 FPS. On the right, a user tests the application for hand
reconstruction that allows applying different visual filters and drawing with an index
finger.

6.3 Conclusion

We have introduced a system for generating a subject-specific hand model from a
single image. We have shown that a simple encoder-decoder architecture can obtain
superior performance on mesh reconstruction and pose estimation tasks given an ap-
propriately defined objective function. Furthermore, we have proposed an approach
for weak supervision that allows adapting the system to non-laboratory domains and

additionally improves results on common benchmarks.

The system works in real time on mobile devices enabling wide range of industrial
applications and generalizes well to egocentric images supporting wearable devices
(Figure |6.11)). A British company Ariel Al has incorporated this system to offer

cutting-edge augmented reality applications (Figure[6.12]).

We believe that our findings justify looking further into mesh generative models for
human modeling, as well as other weakly- and self-supervised methods that alleviate

the need of acquiring 3D ground truth for humans in unconstrained environments.
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Large-Scale Hand Scans Collection

Three-dimensional scans of the human body enabled groundbreaking applications
in human body understanding and modelling. Statistical deformable models con-
structed from such datasets became a method of choice for human pose estimation
systems that work by regressing their parameters from images. These models also
found applications in constructing training datasets for neural networks. In Chap-
ter [6l we showed how a deformable model of the human hand can be applied as a
source of supervision for a neural network tasked at recovering a 3D hand from a
single image captured in a non-laboratory setting. While our method obtains a cut-
ting edge performance and works on mobile devices, the reconstruction results are
not pixel accurate because the existing deformable models are unable to capture a
wide variety of shape and pose deformations. Moreover, the fitting approach that we
presented in Chapter |4 relies on minimizing a 2D reprojection error to a sparse set
of keypoints. This could be improved if we were able to provide dense annotations

or synthesise a skin texture.

Until recently, there was only a single dataset of 3D scans available that consists of
2,018 scans of 31 subjects [RTB17]. The number of subjects is too small to represent

the whole population of human beings. Moreover, the pose space is limited and the

69
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Figure 7.1: Data collection project in Science Museum in London.

poses are discrete. The lack of temporal sequences makes it impossible to synthesize
the human motion or learn detailed soft-tissue deformations. Another problem is the
noise in texture reconstruction which does not allow constructing statistical models
of the human skin that - beside applications in computer graphics - could enable
self-supervised pose estimation and synthetic training data generation. Two new
datasets that were introduced this year include scans of only 10 and 48 subjects

(Table :

In this chapter we describe an enormous effort to collect the dataset of high-resolution
3D hand motion sequences of people visiting Science Museum in London, which is
also a popular tourist destination, in the period of two months in December 2019
- January 2020. This is part of a larger project that also involved collection of the
human body reconstructions in a separate scanner; we omit that part in a further

discussion because it was performed by other researchers.

Our focus is to address the major limitations of the existing statistical deformable
models - that we identified based on body, face, and hand related research - and

thus we want to achieve the following goals:

e Collect diverse collection of hand shapes in terms of age and ethnicity to rep-
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Figure 7.2: Hand scanner.

resent everyone in the population.

e Reconstruct high-resolution hand textures to enable novel applications that

were not possible due to lack of such datasets.
e Collect temporal sequences to support human motion synthesis methods.
e Capture diverse poses to build a robust prior on joint-angle rotations.
e Cover poses from sign language alphabets and common types of grasps.

e Capture poses with visible soft-tissue deformations to enable modelling of the
pose-dependent surface details.
The result is a dataset of 533,687 scans captured at 30 FPS from 1,360 subjects.

We describe the hand reconstruction system, the data collection procedure, the

choice of hand motions, the quality and diversity of the dataset, and compare it
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Figure 7.3: Participant experience.

with existing datasets. In Chapter |8 we discus how we processed this dataset and
created a deformable hand model. Moreover, in Chapter [9] we describe how we

transferred the textures from collected scans and learned texture variations.

7.1 Hand Reconstruction System

We collect the data using the 3dMDhand System (3dMD LLC, Atlanta) presented
in Figure A subject places a wrist on the hand stand and performs a selected
protocol of articulated motions. The system is composed of five camera units where
each unit is composed of: a color camera (resolution 2448 x 2048), two grayscale
cameras (1624 x 1236), and two speckle pattern projectors. A typical scan of an

adult hand consists of 35K vertices (Figure|7.4)).

7.2 Data Collection Protocol

Prior to the start of experiment, each participant is given an information sheet and a
consent form to sign (Figure |7.3]). Participants also complete a questionnaire. Chil-

dren have they forms filled by a parent. The experiment is compliant with General



7.2. Data Collection Protocol

73

Figure 7.4: Camera views and renders.
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Participant
Identity Anonymized

Information Sheet Email to Participant Questionnaire Data

Adult (16+): Adult(16+): Metadata Data stored with
Adult Info Sheet Adult Consent Form stored with Unique ID

Unique ID
Child: Child: Reconstructed

Parent Info Sheet Parent Consent Form instance uploaded

Child Info Sheet to link based on

Child Consent Form Unique ID

Email:
(i} link based on Unique ID

Figure 7.5: Consent form.

Data Protection Regulations (GDPR) and documents have been approved by Imperial
College Ethics Committee and Contracts and Personal Information Protection Officer.

All data is anoymized and stored under a unique identification number (Figure|7.5).

The questionnaire is designed to collect the following metadata: age, gender, height,
weight, injuries/operations, ethnicity (White, Black / Black British, Mixed Heritage,
Asian / Asian British, Other [with the option to specify]). Hand scans collection
is the second stage after the full-body capture so some of the questions are more

relevant to that part of the experiment.

After completing the questionnaire, a subject takes part in a body recording and
when this is finished they proceed to the hand scanning experiment. We have de-
signed 10 protocols that are on average 10 seconds long to capture a wide variety
of poses. A participant is asked to perform one of the protocols that we assigned
for a given day. A person operating the scanner stands next to the subject demon-
strating the protocol during recording. Protocols are designed to cover joint angle
constraints, common gestures, different types of grasps, sign language alphabet,
and challenging poses on which existing pose estimation systems fail (Figure [7.6).
The system captures motions at 30 FPS so the transitions between gestures are also

recorded.
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Figure 7.6: Selection of gestures from hand scanning protocols.
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H Features H MeDigital Hands MANO Hand 3D Studio [ZWXW20] GHUM [XBZ*20] H

No. Subjects 1,360 31 10 48
No. Scans 533,687 2,018 1,540 ?

Table 7.1: Data comparison. Additional unique features of our dataset (MeDigital
Hands) include: presence of jewellery, medical skin and bones conditions, continu-
ous motions instead of discrete gestures.

Number of Participants

Age

Figure 7.7: Age and ethnic diversity of participants.

Upon completion, the subject observes a surface reconstruction visualizations for
one of the frames and watches the output 3D scan. The generated scan is sent to an

email address provided during a sign up.

7.3 Data Quality

We collected 533,687 scans from 1,360 subjects (53% male, and 47% female) in the
age 3 - 81 years old (Figure[7.7). The second largest existing dataset is captured
from 48 subjects (Table [7.1)). In terms of ethnic diversity, the dataset includes 325
subjects representing Black, Asian and Minority Ethnic (BAME) groups (Figure[7.7).

Additionally our dataset is characterized by unique features such as high-quality
textures (Figure [7.8), presence of jewellery, medical skin and bones conditions, con-
tinuous motions instead of discrete gestures. Examples of reconstructions are shown

in Figure|7.9
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Figure 7.8: Texture details.

7.4 Conclusion

We have collected the largest, by two orders of magnitude, and most diverse dataset
of 3D hand scans. Such dataset has potential for advancing research on 3D hand re-
construction and enabling novel applications. Broad age group and ethnic diversity
allows building statistical deformable models that represent the significant portion of
the human population. High resolution textures can enable self-supervised training

of pose estimation systems and generation of realistic synthetic data.

In the remaining chapters we describe the process arriving at a state-of-the-art sta-

tistical hand model with texture variations learned from the presented dataset.
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Figure 7.9: Hand renders.
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Statistical Deformable Hand Model

The MANO model has become a method of choice in research on shape modelling
and pose estimation of the human hand. Researchers have been proposing alter-
native models but they were merely iterative improvements to the standard for-
mulation of shape modelling based on dimensionality reduction followed by linear
blend skinning. Recently, a novel definition has been introduced for the human body
modelling that disentangles bone length variations from other subject-specific shape
deformations [WGK™20]. This is a crucial improvement over the existing frame-
works for articulated shape modelling enabling higher control of template synthesis.
Human body in SMPL, on which MANO is based, is generated from a combination
of linear bases. Afterwards, the skeleton joints are estimated by regression from the

generated mesh.

In contrast, the novel Bone-Level Skinned Model (BLSM) [WGK™20] disentangles
bone length variability from other traits such as, for example, dietary habits or phys-
ical activity. The synthesis process starts with modelling bone length mesh vari-
ability followed by an identity shape update. This process results in more compact
and expressive representation of the human body. Disentanglement of bone lengths

and identity surface variations improves parameterization for the augmented reality
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applications and the model formulation is fully integrated with standard graphics
packages like Unity, Blender, and Maya. The BLSM does not include hand shape

variability or pose prior on hand joints.

Inspired by this method, we learn an analogous model from the Science Museum
data that we introduced in Chapter (7. The task goes far beyond an easy adaptation
of the existing research method. Hand scans introduce challenges that cannot be
solved in a plug and play manner. The first issue is related to the cost of data
annotation. In order to register meshes, we need to fit a hand template into a scan
what requires knowledge of at least the joint locations. Manual annotation of over
500,000 scans would be infeasible. We solve this problem by running a state-of-
the-art hand pose estimator - that we proposed in Chapter [6] - on images of scans
rendered from different views followed by triangulation. We find that the hand pose
estimator underperforms if a hand texture is noisy due to self-occlusions. We retrain
the system by adding data augmentation to simulate the noise. Furthermore, poses
with self-occlusions lead to incomplete hand reconstructions what creates difficulties
in registering the hand. The hand surface has also a boundary around the wrist area
that can lead to distortions. To solve both issues, we design a custom registration
method with strong regularization. The training process is bootstrapped by applying

the initially trained model for a subsequent data fitting and retraining.

We evaluate the model by reproducing the YouTube dataset from Chapter 4 with our
newly formulated system. We show that the new model leads to lower fitting error
and the network from Chapter [f] trained on a novel dataset performs significantly

better on the task of 3D hand reconstruction from a single image.
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Figure 8.1: Overview of the Bone-Level Skinned Model (BLSM) reproduced from
[WGKT20]. The top branch shows skeleton transformations while the lower branch
describes the process of the template synthesis. Bone scale parameters are shared
between branches. Both streams are combined to pose the updated template with
linear blend skinning (LBS).

8.1 Bone-Level Skinned Model of the Human Hand

(Hand BLSM)

The BLSM operates in two branches that perform bone transformations and surface
update. The outputs are combined to articulate an updated template with linear
blend skinning as shown in Figure We extract the hand vertices and triangu-
lation from the template to learn hand shape variations that are not trained in the

original model.

In general, the Hand BLSM generates a mesh with NV vertices using a differentiable

function that maps shape parameters into an instance of the model:
M(cy, 3, 0) : Rlcol<IBIxI6] _y g3, (8.1)

M(cy, B.0) = W(T(cy, B), J(cy, 0)), (8.2)
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where the hand skeleton J (¢, ) is obtained through scaling coefficients ¢, and joint
angles of rotation 6. A linear blend skinning function W () controls articulations.
The point cloud T' = T'(¢y, 3) that represents the person template in a rest pose is
obtained in an additive way from an average hand type T, shape correction term

due to bone scaling artifacts Tz5(¢;), and an identity shape update 7;,(3):

T(Cb, ﬁ) = T + TBS(Cb) + T]D(B)- (83)

The updates are controlled by bone scale parameters ¢, and subject-specific shape

parameters 3.

We describe each of the components in details in the following subsections.

8.1.1 Skeleton Transformations

Hand skeleton is modelled as a kinematic tree which nodes represent joints and
edges form the bones. We are given a skeleton in its rest pose - also called a bind pose
- where a single bone is expressed by a template rotation matrix R’ and translation
vector O' that indicate the transformations between coordinate systems at the two
bone joints. The bone transformation B with respect to the bind pose is controlled
by a rotation matrix R and a scaling factor s that allows an explicit control over the

limb size:
sI 0| |[R 0| |R' O
B = . (8.4)
0 1 0 1 0 1

Vv Vv
scaling and articulation  bind pose

The global transformation B; of the joint j depends on local transformations B’ of
the joint and all its parents in the kinematic structure: B; = B'... B*“")) B/ where

B, corresponds to the wrist transformation.
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Figure 8.2: Samples of bone-dependent shape variations that model surface defor-

mations due to bone lengths.

Figure 8.3: Samples of subject-specific shape variations that model surface deforma-
tions for fixed bone lengths.
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8.1.2 Modelling Bone Length Variations

Individual bone scales are modeled as

b= l_) + Cbe (85)

where ¢, are the bone scaling coefficients, P, is the bone-scaling matrix obtained

from performing PCA on bone lengths, and b is the mean bone scale.

This equation gives us individual bone scales; however, in Equation the global
transformation is given by a kinematic chain recursion. We can transform the pre-

dictions of our PCA model to be compatible with Equation [8.4;

bi/bi_1, i>0
8; = (8.6)

8.1.3 Modelling Shape Variations

Template synthesis is composed of two shape models. The first one models bone-
dependent surface variations that account for a substantial part of hand shape vari-
ability that can correlate to person’s age or gender. We represent these variations as

a linear update to the mean template

Tps(cy) = cp Py (8.7)

where P, is the matrix of bone-corrective blendshapes. Similarly, the remainder of

subject-specific shape variability is modeled as

Tp(B) = BP.. (8.8)
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where (3 are the shape coefficients and P, is the matrix of shape components.

8.1.4 Posing

Given a synthesized template 7'(c;, 3) in a rest pose, we pose it with linear blend
skinning (LBS) that we discussed in more details in Chapter The bind pose of
the skeleton is described by the matrices B;, where the 3D mesh vertices take their

canonical values ¢, € T', while the target pose is described by B;.

In LBS, each vertex has an associated scalar weight for each joint influencing the
vertex deformation. The vertex is then transformed into the world space by linearly

blending the bone transformation matrices:

~ ~ —1
J
In the special case when B = B, we recover the template mesh. Otherwise, B; '
maps t; to the local coordinate system of the bind bone ;j and then transporting to

the target bone in world space using B;.

To constrain the space of valid poses we use a k-means prior introduced in Equa-

tion 4.2/ and retrained for the new template.

8.2 Training

Parameters of the Hand BLSM are learned from the Science Museum data that we
gathered and described in Chapter |7} It is the largest, by two orders of magnitude,
and most diverse dataset of human hand scans. We take the first frame from each
sequence that corresponds to the rest pose to learn statistical models of shape defor-

mations. We assume that each scan S has a registration S that has the same topology
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(number of vertices, their order, and triangulation) as the Hand BLSM template. We

describe the registration process in details in the next section.

8.2.1 Bone Basis and Bone-Corrective Blendshapes

A linear basis P, for bone scales in Equation is obtained by performing PCA on
bone lengths estimated from all registrations S. We observe that the first eigenvector

captures 97.85% of bone length variability and five eigenvectors capture 99.80%.

For each scan, we re-estimate the pose 8 and bone scale coefficients ¢, by solving
0, c; = argmingc,||W (Vr, J(cy, 0)) — S||? (8.10)

where V' is the initial hand template created by a computer graphics artist.

The bone-corrective basis P, that update the mesh surface and the mean shape T

are found by solving
P, T = argming, p||W(T + ¢, Py, J(cy,0)) — S||*. (8.11)

Samples of bone-dependent shape variations are shown in Figure [8.2] and extreme

bone lengths for the first component are visualized in Figure (8.5

8.2.2 Shape Blendshapes

The remaining part of shape variability that is not covered by bone-dependent blend
shapes can be attributed to identity-specific deformations. We model these residuals

as vertex displacements T';p such that

W(T + cyPy+ T1p, J(cy, 0)) = S. (8.12)
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Afterwards, we perform PCA on the set of vertex displacements {T",} to learn the
shape basis P,. The first 20 components account for 71.33% of the variability. Sam-

ples of identity-specific shape variations are shown in Figure

8.3 Registration

In order to train our model from 1,360 subjects, we need to register the initial tem-
plate to the surface of the scans. We process the hand reconstructions in pipeline that
consists of multiple stages: rendering a scan from different camera views, estimat-
ing a 2D pose for each render, triangulating the results to obtain a 3D pose, fitting
the hand model to the estimated joints followed by surface registration. Experiments
presented in the thesis require only a rest pose registration for each subject; however,

we process all the data for future applications.

8.3.1 Pose Estimation

We start by rendering a hand scan from 30 views rotated uniformly along the axis
that is approximately aligned with a vector connecting a wrist and the base of a
middle finger. For each render, we want to estimate a 2D pose. Our neural network
(Chapter [6]) requires an input image that is cropped around the palm. However,
hand scans vary in the center location and size of the reconstructed hand so we

cannot assume that the bounding box is fixed across sequences or frames.

The existing hand detectors do not perform well on our dataset and manual anno-
tations would be too costly to perform. We find a solution that relies on running a
body segmentation network [LXWY19] and estimating a bounding box around the
predicted hand pixels. The estimated hand location is often very noisy, nevertheless,

we pass the cropped image through our hand reconstruction neural network. After-



88 Chapter 8. Statistical Deformable Hand Model

Figure 8.4: Rest pose registrations.
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Figure 8.5: Minimum and maximum hand shapes modelled by the first component
of bone-dependent shape variations. Our hand model is capable of representing
children and adults.
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wards, we crop the image around the predicted hand mesh location and we correct
the initial prediction. For subsequent frames of the recording of the same subject,
we do not re-estimate the location. Instead, we use temporal smoothing based on
taking a weighted average of the current bounding box prediction and the previous
one which is experimentally shown to be very robust to hand movements. In order
to smooth neural network predictions, we average the regressed latent vectors in a

similar manner before passing the latent variable to the mesh decoder.

Our neural network predicts a dense 3D hand mesh aligned with the image. We take
X, Y coordinates of the selected landmarks on the mesh surface. A 3D pose is trian-
gulated from the predicted 2D keypoints by a gradient descent based minimization
of the reprojection error. Afterwards, we keep half of the camera views with the

lowest reprojection error and re-triangulate the pose.

8.3.2 Fitting

Model Optimization The estimated 3D pose is associated with anatomical land-
marks L that we use for model alignment and fitting to the scan. More specifically,
we solve the following optimization problem with gradient descent on the pose pa-

rameters, bone scales, and camera parameters ¢ (global orientation and translation):

0" ) s” ) (;5* = argmine,s,d)([/kpts + /\distLdist + /\reg,scaleLreg,scale + Areg,poseLreg,pose) (8 13)

where )\ are experimentally chosen hyperparameters. The first term penalizes the
distance between the landmarks and the corresponding points selected from the
template:
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where Y = W (Vr, J(s,0)) and A is a vertex selector on the template surface. Esti-
mated landmarks are often very noisy due to hand pose estimation error, therefore,
we add a Chamfer loss that minimizes a bi-directional distance between point clouds

of the hand template and scan:

Luw(V.S) = 3 mingeslly — 2|+ S minyeylly — 2l3.  (8.15)

yey xES

The optimization is regularized by penalizing deviations from the base template:

Lircg_scate(8) = ||8]|* and Lyeg pose(8) = [16]].

Surface Deformations After obtaining initial alignment of the hand template to
the scan surface by optimizing pose, shape, and camera parameters of the hand
model, we perform a registration by finding an offset T',.,. We solve the following
optimization problem with error terms that ensure smooth deformations:

T, = C”’gmmeg (Lreg + Ledge,length + Ledge + )\ALA)~ (816)

reg

The L,., minimizes the Chamfer distance between the hand template updated with

an offset and the scan:

Lyey = Laist(V, S), (8.17)

Y =W(T(6",8) + Trey. J(s*,60%)). (8.18)

Deformations are constrained by a penalty to preserve initial template edge lengths

*Cedge,length = Z )\Zcqi)ge,length || ||:)>U - JA)UH - ||yv - yu” ||2 (819)

(uvv)egmesh

and a loss term on the edge locations

Eedge - Z )‘ggge ’ (j}”U - yu) - (yv - yu) | (820)

(uav)egmesh
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, and A\ are defined per edge because we apply higher

Hyperparameters A cdge

uv
edge_lengt

regularization to wrist edges due to the surface boundary. We also apply laplacian

smoothing defined as LA = A) where A is a discrete Laplacian (Chapter|3.5.1)).

Examples of registration results are shown in Figure

8.4 Evaluation

Fitted hand model || RHD [mm] YouTube [px]

MANO 10.873 10.494
BLSM 10.379 9.639

Table 8.1: 3D Pose Error. Performance with models trained on datasets with different
hand fittings.

To evaluate our hand model, we compare it against MANO by retraining the hand
reconstruction network (Chapter [6]) with the dataset that we generate in a similar
manner as in Chapter [4/ but with our new model. The evaluation method is moti-
vated by the main objective of the thesis - advancing 3D hand reconstruction and
pose estimation from a single image. The evaluation results, presented in Table
clearly indicate improvement from replacing the type of a deformable model in a

weakly-supervised neural network.
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8.5 Conclusion

We have created the most diverse statistical hand model learned from 1,360 subjects
from a wide age range (3 - 81 years old), broad ethnic groups, and a balanced
male/female ratio. Its novel formulation based on disentanglement of bone-length
shape variations and subject-specific deformations brings advantages to computer
graphics and augmented reality applications. Beyond direct applications, the new
model can be used as a source of supervision for training hand reconstruction neural
networks and we have proved that it indeed leads to a significant improvement,

outcompeting our previous state-of-the-art system.
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Texture Model

Texture can provide a strong supervision signal for hand reconstruction systems. So
far we have been aligning a parametric hand model with a sparse set of keypoints
corresponding to the hand joints that were either manually annotated or estimated
by a neural network (Chapter [4). Therefore, the shape variations in the training
data were limited to the bone lengths. The fittings were then used as training data
for a hand reconstruction neural network (Chapter[6). We achieved excellent results
in 3D pose estimation enabling accurate real-time mobile applications. However,
the identity-specific hand shape reconstruction quality was bounded by the training
data. One could potentially improve shape estimation by annotating silhouettes but
this would not work for articulated poses due to a high level of self-occlusions. Less
ambiguous information could come from modelling texture variations and incorpo-
rating a photometric loss to provide a pixel-accurate alignment via a self-supervised

network.

In parallel to our work, Qian et al. [QWM™20] proposed the first hand texture model
that is learned from 51 subjects in the age group 20-59 years old dominated by male
samples. The authors use a mobile application to reconstruct a partial scan of one

side of the hand resting on a table with approximately 6.2K vertices and 11K trian-

93
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gles. Registration process relies then on fitting a parametric model into scans for
both sides of the hand. The authors admit that the hand pose estimation network
that guides the initial alignment is highly inaccurate. The system is a reliable proof
of concept but due to its low-scale dataset and compounding errors from a registra-
tion procedure it might not generalize to wide variety of skin tones, marks, medical

conditions, tattoos, and jewellery.

In contrast, our dataset introduced in Chapter |7|includes 1,360 subjects 3-81 years
old with a balanced male/female ratio and a much higher number of samples in
each ethnic group (Figure[7.7)). Moreover, our hand scans come from a professional
multi-camera system that generates high-resolution meshes of the full surface at 30
FPS with approximately 32K vertices and 65k triangles. Leveraging our cutting edge
hand reconstruction system (Chapter [6)) and parametric hand model (Chapter [8)),
we build the most diverse statistical texture model capable of representing children,
adults, and the elderly from a broad range of ethnic groups. We believe that our
contributions will enable novel industrial applications for virtual and augmented

reality and improve the existing hand reconstruction systems.

9.1 Texture Mapping

Given a template T with vertices t € T, a UV space is a two dimensional space
U C R? that satisfies a correspondence property. This means that there exists a

bijective map from T" to U for all u € U:

f&) = u [ (u) >t (9.1)

The UV map is found by unwrapping the mesh to a plane. The body template from

which we extracted hand vertices already contains the body UV map. Based on the
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Figure 9.1: UV maps for the body and hand templates.

correspondence between hand mesh faces and body mesh faces, we extract the UV
map for the hand (Figure 9.1). Afterwards, we normalize the UV map such that
horizontal and vertical coordinates for the vertex ¢ are represented by accordingly

u” € [0,1] and u® € [0, 1].

UV textures generated by the hand scanner are not in correspondence and contain
background pixels. The scan texture is constructed by concatenating 5 colour images
that can be seen in Figure each of the 5 images has a resolution 2, 048 x 2, 448 or

2,448 x 2,048. We do not show the full resolution images due to privacy concerns.

Given registered hand scans in a rest pose (Chapter [8), we are able to transfer tex-
tures to the hand template UV space. For each point on the scan, we find the closest
point in barycentric coordinates on the registered template and its UV map coordi-

nate. Afterwards, we transfer the color to the template UV map (Figure 9.2).

9.2 Texture Model

We synthesize new textures from a combination of linear basis computed by perform-

ing PCA on a collection of UV maps. Specifically, a new texture M («) is obtained
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Figure 9.3: Random samples from the texture model visualized on the initial tem-
plate.
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from

|ex|

M(a) =M + Z aqCy (9.2)
d=1

where M € R3” is the mean texture of the vectorized UV maps with P = 492,216
RGB pixels inside the hand boundary region and C = [C1, ..., Cp] € R*"*P is the or-
thonormal basis matrix of the texture eigenvectors. Parameters «, control blending

of the bases.

9.3 Evaluation

For the experiments, we create a model from a subset of the dataset counting 844
samples with unique subjects that do not contain significant noise. We also reject
samples that include jewellery or tattoos due to their high non-linearities. We could
reduce noise by averaging textures from different frames and doing post-processing
but we leave this for future work. We follow the evaluation protocol, with minor
changes given larger dataset size, for hand texture PCA models established by Qian
et al. [QWM™20] that considers three aspects: compactness, specificity, and gener-

alization.

Compactness is the measure of the amount of variance in the training set explained

by the model in terms of the number of principal components.

Compactness Specificity
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Figure 9.4: Evaluation of the texture model.
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Specificity measures the similarity between samples drawn from the model based on
a multivariate Gaussian distribution and the training data. We draw 200 samples
and find the nearest texture in the training dataset in terms of the mean absolute

error. The evaluation results are reported in Figure

We also evaluate how the model generalizes to test samples. We consider a chal-
lenging task of reconstructing noisy textures and textures with subjects wearing a
jewellery that we removed from the training dataset. The test set counts 114 sam-
ples and the error is just 7.10 of the RGB intensity on the vectorized hand pixels. We

can also observe in Figure [9.5|that the model is robust to the noise.

9.4 Conclusion

We introduced the most diverse hand texture model with the highest resolution of
skin details. We showed that the model is capable of generating realistic textures
and generalizes well to unseen noisy samples. The model due to its unprecedented
quality can enable highly realistic computer graphics animations and find use in

training pixel-accurate hand reconstruction networks in a self-supervised manner.
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Figure 9.5: Pairs of the noisy test samples (top row) and their reconstructions (bot-
tom row).






Chapter 10

Conclusion

Summary of Thesis Achievements We have advanced the field of hand recon-
struction and modelling by addressing its major weaknesses: performance in non-
laboratory environments, inference time, data availability, shape diversity and bone

length disentanglement, and texture synthesis.

We have showed that neural networks are powerful methods for representing highly-
articulated non-linear hand deformations in a compact mesh-convolutional decoder
while improving speed and accuracy (Chapter [5). We have addressed the problem
of collecting dense 3D hand mesh annotations for RGB images by building an auto-
mated system for parametric model fitting and we made the first in the wild dataset
for 3D hand pose estimation and mesh reconstruction publicly available (Chapter |4)).
Furthermore, we have proposed a novel weakly-supervised neural network for hand
mesh reconstruction (Chapter [6). The system obtains unprecedented performance

on the in the wild scenario while working at 250 FPS on mobile devices.

We have also collected the largest and most diverse dataset of 3D hand scans in
Science Museum in London from 1,360 subjects in the age range 3 - 81 years old

(Chapter [7). Afterwards, we processed over half a million scans to a common rep-
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resentation. This allowed us to perform statistical analysis of shape and texture
variations. Specifically, we have built a deformable model of the human hand that
disentangles bone length variability from other identity-specific traits (Chapter [8)).
We have showed that incorporating this model to our weakly-supervised hand re-
construction network improves its state-of-the-art performance even further. We
devoted the last chapter to the problem of texture synthesis (Chapter [9). We took
advantage of our large-scale hand scans dataset to learn high-resolution skin texture

variations which has not been previously possible.

Applications The thesis argues that robust systems for hand mesh reconstruction
are crucial for development of augmented/mixed/virtual reality technology by en-
abling intuitive control and interaction with the digital objects. Such systems also
find applications in motion tracking, learning from demonstration / behavioural
cloning, virtual telepresence, sign language recognition, healthcare, realistic pros-
thetic design, and immersive gaming. Our hand reconstruction and iterative model
fitting approaches can be adapted to the research on full body capture by chang-
ing the underlying mesh representation. The proposed hand reconstruction network
and statistical deformable models have been successfully incorporated into Ariel Al

products offering novel augmented reality experiences.

Future Work There are still plenty of opportunities to move the field forward by
extending our contributions. The current hand reconstruction systems from a single
image are accurate in localizing joints and approximating hand surface. However,
they are not pixel-accurate because of the data collection approach that relies on
iterative model fitting. We could fix this by incorporating a photometric loss to
provide an alignment of the hand texture with image pixels via a self-supervised
network which is now possible with our statistical texture model. Alternatively, we

can take advantage of the collected dataset of 3D scans or the created deformable
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model to generate a synthetic dataset with dense annotations. It turns out that
networks trained on hand pose datasets do not generalize well to hand-object or
hand-hand interactions due to a high level of occlusions and self-similarity between
hands. Collecting sufficiently large dataset of manipulating objects might be infea-
sible and it might be necessary to develop systems that specifically model spatial
relations between interacting objects. Another interesting research avenue arises
from the observation that deformable hand models are usually posed with skinning
methods that cause artifacts and require corrective functions. It would be inter-
esting to explore disentanglment methods and obtain parameterized control over
pose-deformations directly from the data. Finally, our contributions open new op-
portunities that were not possible due to poor hand pose estimation performance in
non-laboratory environments such as analyzing hand gestures or training reinforce-

ment learning systems from large repositories of videos.
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