Real-time Simulation of Hand Anatomy Using Medical Imaging

by

Mianlun Zheng

A Dissertation Presented to the
FACULTY OF THE USC GRADUATE SCHOOL
UNIVERSITY OF SOUTHERN CALIFORNIA
In Partial Fulfillment of the
Requirements for the Degree
DOCTOR OF PHILOSOPHY
(COMPUTER SCIENCE)

December 2024

Copyright 2024 Mianlun Zheng



I dedicate this thesis to my parents and brother for their love and encouragement;
to my husband Yuanzhe and our dog Arrow, for their steadfast love and support;
to my friends and intern managers for their friendship and guidance;
to my labmates for their assistance and thoughtful paper discussions;
to my committee members for reading and improving the thesis;
and to my supervisor, Prof. Jernej Barbig, for his invaluable inspiration, guidance,

and support throughout this journey.

i1



Table of Contents

Dedication . . . . . . . . . L e e e e e il
Listof Tables . . . . . . . . . . e v
Listof Figures . . . . . . . . . . . . e e e e vii
Abstract . . . .. e Xiv
Chapter 1: Introduction . . . . . . . . . . . . . . . e e 1
1.1 Simulation of Hand Anatomy Using Medical Imaging . . . . ... ... ... ... 1

1.2 Multi-Resolution Real-Time Deep Pose-Space Deformation . . . . . ... ... .. 5
Chapter 2: Related Work . . . . . . . . . . . . 12
2.1 Data-driven human hand appearance modeling . . . . . . . ... ... ... .... 12

2.2 Data-driven human hand anatomy modeling . . . . . . .. ... ... ... .... 13

2.3 Physics-based human hand anatomy modeling . . . . . . ... ... .. ...... 14
23.1 Bones . ... e 15

232 Muscles . . ... 15

233 Tendons . . . . ... e e 16

2.4 Real-time shape approximation . . . . . . . . . . . ... .. oo 16
2.5 Learning physics . . . . . . . . .. e e e e e e 17
2.6 Learningtherig . . . . . . . . . . . . e e 19
Chapter 3: Simulation of Hand Anatomy Using Medical Imaging . . . . . ... ... ... 20
3.1 OVerVIEW . . . . o e e e 20
32 Muscles . . . . 22
3.2.1 Muscle Simulation . . . . ... 22

3.2.2 Creating Neutral Muscle Shapes FromMRI . . . .. ... ... ... ... 27

323 MusclePoseSpace . . .. ... ... ... 28

3.2.4 Muscle Plastic Strain Extraction in Example Poses . . . . . ... .. ... 30

3.2.5 Other solutions for volumetric plastic strains smoothness . . . . . . . . .. 35

33 Tendons . . . . ... e e e 37
3.3.1 Tendon Simulation . . . ... ... .. ... o 38

3.3.2 Tendon Extraction FromMRI . . . ... ... ... ... .. ....... 43

3.3.3 Tendon Registration . . . . . . . .. ... ... . 43

334 TendonHooks. . . .. ... .. ... ... 46

il



34 Boneand Muscle Fascia . . . . ... ... .. ... 47

35 Fat . . . e 51
3.5.1 Constraints for Fat Simulation . . . . . .. ... ... ... ........ 52

3.5.2 Modeling and Animating Finger Nails . . . . . ... ... ... ...... 54

3.5.3 FatPlasticStrains . . . . . . . . . ... 55

3.6 Results. . . . . . e 58
Chapter 4: Multi-Resolution Real-Time Deep Pose-Space Deformation . . . . . . . . . .. 71
4.1 OVervIEeW . . . . oo e e e 71
4.2 Multi-resolution pose-space deformation . . . . . . . ... ... ... ....... 73
4.3 Neural deformation functions . . . . . . . . . . ... ... 76
4.4 Run-time code and memory considerations . . . . . . . ... ... ... 79
45 Results . . . . . . e e e 81
45.1 Hands . . . . . ... 81

4.5.2 Cartooncharacter . . . . . . . . . .. ... 83

453 IKexample . . . . . . . . .. 83

454 EXperiments . . . . . . . . ... e e e e e e 84

Chapter 5: Conclusion and future work . . . . . . . .. .. .. Lo oo 95
Acknowledgements . . . . . .. L L e e e e e 98
References . . . . . . . . . . e e 99

Y



List of Tables

3.1

3.2

3.3

3.4

3.5

Tendon Groups. We model ten tendon groups in our system. Groups contain
either a single tendon or two tendons, as indicated. . . . . ... ... ... .... 38

Speci cations of meshes of all hand tissuesWe model 23 bones, 17 muscle

groups, 10 tendon groups, one bone fascia, one muscle fascia and fat. For
tissue types that contain more than one tissue (e.g., 17 muscles), we also list the
minimal/maximal/average/sum of the number of vertices and triangles/tetrahedra,
respectively. In addition, we show the method used for animating each tissue in

the “simtype”column. . . . . . . . . . ... 59

Parameters used in our simulation and optimization. There are some

additional parameters not listed here, e.g., muscle tgngnd the sliding and

xed constraints stiffnesses. These parameters are either determined interactively,

or painted in a spatially-varyingmanner. . . . . . .. .. ... .. 0. 60

The time cost of each sequencelNe successfully simulated ve sequences.

In the “type” column, we show how the input animation was created, whereby
“keyframe” refers to keyframe animation, “LeapMotion” means that the animation

was created by tracking the hand of a live subject using LeapMotion [104], and
“MediaPipe” means that the animation was created by tracking the hand of a live
subject using Google MediaPipe [105]. Colummsandns give the number of

frames and the number of simulation timesteps, respectively. Cdlwiows the

total time cost for each sequence. . . . . . . . . . . . ... . oo 61

Comparisons between simulated and ground truth skinsModel mg refers to

our proposed complete model, model denotes our model without using plastic
strains in the fat layer (ablation study), and monelsimulates all soft tissues

using a single mesh (proposed in [3]). Column “%” denotes the ratio between
the value inmp and the value imp. The rst ve rows (plus the rest shape) are
example poses used for our model, whereas the last six rows are non-example
(unseen) poses. All distances are reporteatiliimeters. . . . . . .. ... .. .. 62



4.1

4.2

Computation time to reconstruct one shape at runtime. Megan example
(Figure 4.7). All times are imicroseconds, and averaged over the entire testing
animation (521 frames). Intel Xeon(R) W-3275 CPU, 56 cores @ 2.5 GHz (only
28 effectively utilized), with 196 GB RAM. Each cell reports two times in the
format A/B, to compare our work (time “A’) to simply using prior work [10] to
separately process each level (time “B”). Our times correspond to the incremental
time at each level; the total time to construct all levels is 697 microseconds. “NN
time” is the time to evaluate neural networks. #NNs is the number of non-culled
neural networks at each level, out of thg= 100 available networks. Observe
that, due to the incremental construction of deformation detail, our method has
signi cantly fewer NNs at deeper levels than if separately processing each level.

Memory to reconstruct one shape at runtime. Megan example (Figure 4.7). Same
experiment and same A/B comparison as in Table 4.1. “NN mem” is the memory
to store all the trained neural network coef cients. All values are in MegaBytes.
For our method, we give the incremental memory needed at each level; our total
memory for all levels is 79.7 MB. Our memory consumption is much smaller than

for the compared method that separately processes eachlevel. . ... ... ...

Vi

86



List of Figures

11

1.2

1.3

1.4

3.1

Human hand anatomy animated across the hand's range of motionThese
surface and volumetric renders display complex hand organ volumetric motion
computed using our method. The hand was posed into letters A-E of the American

Sign Language; these poses were not scanned by MRI, but are computer-simulated.

Representative frames for motion “Numbers 1-5” and “Close the st”. We

display the front, back and the side of the hand. Our method can animate the hand
internal musculoskeletal organs to arbitrary poses in the hand's range of motion,

in a manner that matches the medical images in the example poses (Figure 3.30)
and even non-example poses (Figure 3.31). In addition to musculoskeletal organs,
arteries and veins are also clearly visible in the “fat emphasized” MRI sequence. . .

Our method permits one to place the hand into any pose in the hand's ROM
and rapidly compute its quality shape, and do so at any (or several) desirable
discrete mesh resolution levels. The training set consists of 3,607 frames

of FEM musculoskeletal simulation exercising the ROM of the hand. We
show the ground truth (computed using FEM musculoskeletal simulation; 48
seconds per frame), the output of linear blend skinning (visible artefacts), and
our result. We show two representative hand poses thatara part of the
training set. The four mesh Levels of Detdlg;M 1;M ;M 3 have 1,133,

4,528, 18,105, 72,414 vertices, respectively. Skinning running times for the
four levels are 162, 210, 446, 1,156 microseconds per frame, respectively. Our
method computes the skinning correctives at the four levels (61, 144, 299, 548
microseconds per frame, respectively), plus performs the same skinning. For a
small additional computational cost on top of skinning, we greatly improve the
output quality compared to skinning (see images and the error plots), and speedup
the computation by 10000 compared to FEM simulation. Note that the error
does not decrease down to zero on progressive LODs because at each LOD,
the FEM training dataset contains new deformation detail only introduced and
resolved by the mesh atthisLOD. . .. ... ... ... .. ... .........

Mesh detail on the hand. Our method better captures the ground truth than
skinning. . . . . . L 10

Human hand MRI slices (coronal and transversal plane).Hand has several

tissues represented by different MRl intensities. . . . . . .. ... ... ... ... 21

vii

3



3.2 Overview of our human hand rig. We model tendons (dark red), fat (light
orange), muscles (light red), bones (yellow), and ligaments (green) around joint
regions. To improve simulation quality, we also model two additional fascia
layers: bone fascia (blue) and muscle fascia (purple). The fat tissue is directly
attached to fascia layers and ligaments. . . . . . .. .. ... ... ... ..... 22

3.3 Our simulation layers. The input to our system is a hand joint angle animation.
The output is the animated external surface of the fat (“skin”), as well as
the animated shapes of the internal musculoskeletal organs. Arrows denote
dependencies: before a layer (green node) can be simulated, all inputs must
already be simulated. . . . . . . .. ... 23

3.4 Muscle attachments. Muscle attachment vertices are depicted as red dots. To
improve the viewing of attachments, the muscles are visualized in dark wireframe
in the left two gures. In the right two gures, we show bones in dark wireframe
to display the relative bone locations. . . . . ... .. ... ... .. ... .... 24

3.5 Seventeen muscles of the human hand extracted from MRDbserve that the
template hand is larger than the scanned hand. The pose is also different. Our
method addresses this using bone attachments. . . . . .. ... ... ....... 25

3.6 Overview of muscle simulation.A muscle is in general attached to several bones
(and/or tendons). The muscle surface mesh is embedded into a tetrahedral mesh.
The pose-varying muscle contraction is modeled via the plastic strain of each
tetrahedron. . . . . . . .. 26

3.7 Neutral pose of the hand and its interior musculoskeletal structure as
modeled in our method. Note that muscles are not completely relaxed in this
pose. However, the pose is close to the “true neutral pose” (relaxed muscles), and
is easy to capture and process (no occlusions). . . . ... ... ... ... ..., 27

3.8 Our simulated ligament around a hand joint, intwo poses. . . . . . ... ... 32

3.9 The energy of our objective function (Equation 3.5) in each iteration The
curve shows the energy in each iteration when we optimize the plastic strain for
thethumb musclegroup. . . . . . . . . . . . e 34

3.10 Tendon simulation model. Left: our tendons are simulated as rods consisting
of multiple segments. Each segment is represented by the positions of two
end vertices and a normal de ning the orientation. The normal (orange) is
perpendicular to the segment. The rod is constrained to slide through a few
locations (*hooks”; red circles) that are skinned (with PSD correction) to the
closest bone(s). One end of the tendon is attached to a bone with a xed constraint.
We apply a constant force (purple) at the other end of the tendon to stretch it
without invalidating the constraints. . . . . . . . .. .. .. .. ... ....... 39

3.11 Tendon simulation. Here, we show the rods that represent tendons. The red lines
are the rigid segments and their normals. The blue dots are the hooks. . . . . . .. 42



3.12 Stages to register tendons in non-neutral posedn stage 1, we simulate the
tendons based on the sliding constraints that are only rigidly transforming with
the closest bones. This gives a relatively correct position of the tendon. However,
it does not match the MRI shape (blue wireframe). To improve the match, we rst
create an initial guess for our non-rigid registration (stage 2). As shown in (2),
the resulting mesh more closely matches the MRI shape. In stage 3, we perform
non-rigid registration, which enables us to match the MRI shape very closely. Top
and bottom give different camera angles and change bone transparency for easier
VIEWING. . o . o e e e e e e e 44

3.13 The energy of tendon non-rigid registration at each iteration. The curve
shows the energy of Equation 3.30 at each Newton iteration when performing the
non-rigid ICP on the extensor tendon of the middle gure. The optimized energy
plateau is not zero because the forearm pulling force introduces an (unimportant)
constant energy offset; we added a properly chosen such an offset to improve
gurereadability. . . . . . .. 46

3.14 Fascia meshes(a) Bone meshes, (b) corresponding bone fascia mesh, (c) muscle
meshes, (d) muscle fascia mesh, and (e) both fascias. . . ... .. ... ...... 48

3.15 Bone fascia.(a) The constraints applied to bone fascia simulation. Vertices in
green are attached to the closest bone using xed constraints. Vertices in red are
in contact with the bone meshes. (b, c) Bones and bone fascia in the stpose. . .. 48

3.16 Muscle fascia constraints.Here, we show the constraints applied during our
muscle fascia simulation. Vertices in green are attached to the muscles using xed
constraints. Vertices in red are sliding against the muscle surface meshes. . . . . . 49

3.17 Fascia animation. Top: a few frames of an animation sequence of bones and
muscles. Bottom: muscle and bone fascia simulationresults. . . . . ... ... .. 50

3.18 Representative frames for motion “Numbers 1-5”.Displayed are the front ( rst
row) and back (second row) side of the skin. Our model produces realistic skin

3.19 The exterior and interior surface of the fat tissue. (a) The exterior surface of
the fat tissue is the skin. (b) The interior surface of the fat tissue is composed of
the bone fascia, muscle fascia, and jointligaments. . . . . . . ... ... ... .. 52

3.20 Comparison to [52]. We compare the skin of our system and of [52] to the ground
truth optical scan at the same pose. This poseneaased as an example pose in
either system. The color maps show the distance from the ground truth mesh to the
simulated skin mesh, for each method. Due to better muscle anatomical modeling,
our method has a lower error in the palm area. Namely, Ichim et al. [52] treats the
entire hand as a single soft tissue with spatially varying plastic strains, whereas
we model each tissue separately, model sliding, and specialize the pose-space and
spatially varying strainsto each tissue. . . . . . . .. .. ... .. .. ....... 53



3.21 The constraints for simulating the fat. The fat is attached to bone and muscle
fascia, ligaments, and tendons. Green dots are xed constraints to the bone
fascia. Yellow dots are contact constraints to the ligaments. Pink dots are sliding
constraints against the muscle fascia, and red dots are contacts against the muscle
fascia. Purple dots are points for nail rigidity. . . . . . . .. ... ... ... ... 54

3.22 The convergence of fat plastic strain optimization.The plot shows the energy
at each iteration during optimization, for poses 03 and 06. We can see that our

algorithm quickly decreasestheenergy. . . ... .. .. .. ... ... ...... 57
3.23 Example hand posesused inourwork. . . . . . . . ... L. 58
3.24 Extracted muscle meshes in example poses,. . . . . . . . .. ... ... ... 64

3.25 Comparisons between muscle simulation results and the ground truth meshes
in example posesWe simulated hand muscles using our model to reach a few
example poses that we believe are the most extreme poses among all six example
poses. Simulation results (green wireframe) closely overlap with the ground truth
meshes (red wireframe). . . . . . . . . ... .. e 65

3.26 Comparisons between tendon simulation results and the ground truth meshes
in example posesWe simulated hand tendons using our model to reach a few
example poses (same as in the muscle experiment). Simulation results (green
wireframe) closely overlap with the ground truth meshes (red wireframe). Note
that the minor mismatch at the bottom of some tendons is because we do not have
MRl datainthatregion. . . . . . . . . . . . . . . . 65

3.27 Visual comparisons to [3]. Left: [Wang et al. 2019]. Middle: our method.
Right: photograph of the same subject. The muscle at the base of the thumb is too
at in [Wang et al. 2019]. Due to modeling of pose-varying muscle activations
via plastic strains, the muscle bulges much more in our method, which is closer to
real-world behavior. Note that this is@n-example (unseenpose for our method. 66

3.28 Visual comparisons to Wang et al. [3] in example posesThe ground truth
mesh captured using a optical scanner is depicted in red wireframe, whereas the
simulation results are shown in green wireframe. The palm and knuckle joint
areas (highlighted by rectangles) bulge more correctly in our simulation model
compared to the single-layer soft tissue model. The color-mapped inset shows
the error against the optical scan quantitatively: our model produces signi cantly
lower error in areas of signi cant muscle activity (e.g., muscle below the thumb). . 67



3.29 Tendon modeling is necessary to produce good knuckle# (a), we evaluate

how the presence of tendons affects the skin output shape. In the real hand,
knuckles are pronounced visual features, due to the underlying tendon which lifts

the skin in the knuckle area. As highlighted in the yellow rectangle in (a), when

we run our method with tendons (blue wireframe), knuckles correctly appear.

When we omit the tendons from our method, knuckles are not properly resolved

and the skin silhouette is at (purple solid). (b) We also compare our method

with [52]. Our model (blue wireframe) successfully captures the sharp silhouette

of the knuckles, whereas [52] (purple solid) produces a visibly atter surface, due
tothe missingtendons. . . . . . . . ... L 68

3.30 Visual comparisons to MRI slices in example posedVe compare our simulated

skin and muscle surfaces with the MRI images in example poses 1, 2 and 6. Pose

1 is the neutral pose. Pose 2 ( st) and 6 (thumb moving to the extreme opposite
palm location) are extreme example poses. We intersect our surface meshes with
the MRI slices. The intersections between skin and MRI slices are shown in green,
and between muscles and MRI slices in yellow. Observe that the contour lines
very closely match the anatomical structures seen in MRI, both for the skin and
MUSCIES. . . . . . e 69

3.31 Visual comparisons to MRI slices in non-example posesWe compare our

4.1

4.2

4.3

4.4

4.5

simulated skin and muscles with the MRI images in two non-example poses. The
intersections between skin and the slices are shown in green, and between muscles
and the slices in yellow. We can observe a reasonably close match to the MRI data
for both the skinandthemuscles. . . . . . .. .. ... ... .. .. ... ..., 70

Multi-resolution mesh hierarchy and the upsampling and coarsening
operators. Level 0 is only used for de ning our “basis functions” for shape
deformation (Section 4.3). . . . . . . . . 72

Multi-resolution pose-space deformation. Pre-skinning displacements are
constructed progressively, level by level, using a set of spatially localized neural
networks at each LOD. The mask exists because only a part of the pose enters the
neural network, determined using perturbation analysis on each joint as explained
IN[L0]. . . o e 73

Hand shape computation and real-time rendering at multiple LODs.Phong

shading + texture mapping, dynamic normals. Observe the increasing geometric
detail seen in shading as LOD is increased. At lower LODs, geometric detail is

lost and only texture mapping remains. . . . . . . . .. ... 75

Multi-resolution shape function. We show a representative shape function at
several LOD levels. . . . . . . . . . . 75

A few basis functionsonM 4 (not the completeset). . . . . ... ... ... ... 76

Xi



4.6 Trading approximation accuracy for speed and memory,by adjusting the
e threshold. Note that thg-axis shows the testing error, i.e., difference to the
ground truth on motionanseerduring training. All the datapoints on the same
curve were obtained by keeping the number of basis functiaf)sconstant and
varyinge: Hand example (Figure 1.3). Timings correspond to evaluating all four
resolutionlevels. . . . . . . . . . L 79

4.7 Hard real-time LOD character deformation. The ground truth of this character
was computed using FEM deformable simulation, including self-collision
handling. Our real-time system is able to regenerate high-quality shapes, as well
as interpolate them to new poses. Observe good-quality shape deformation near
the characters'joints. . . . . . . . . . . . e 88

4.8 Shape changes are visible even under coarse LOD3he shown sizes of
hands at LOD 1 (coarsest LOD) and LOD 2 (second coarsest LOD) are correctly
proportional to their differences to the camera. The coarsest LOD 1 is activated
when the hand is far away from camera. Even in this case, there are silhouette
differences between skinning and our method. . . . . . ... ... ... ... 89

4.9 Comparison to a single-level method.We train our LOD method and the
single-level method [10], under the same training dataset, the Hand example
(Figure 1.3). We compare the evaluation time and the memory to construct all
LOD levels and the nest level. We vary the number of regions and the PCA
approximation threshold, essentially performing a parameter sweep to discover
the number of regions producing best results. For plot clarity, we do not show
datapoints where there is another datapoint that is blettirin test RMSEand
the running time (for the computational speed subplot) and in test Raf@Ehe
memory (for the memory subplot). . . . ... .. ... ... ... .. ... 90

4.10 Hard-real-time LOD quadruped. Top row: Two representative training poses
generated using IK, with the skinned shape. Next row: the training shapes for
the above two training poses (FEM deformable simulation with self-collision
handling). Next row: Representative frame of our output, shown at LODs 1 and 4.
Bottom row: zoom of the skinned shape (625 microsec per frame), FEM ground
truth (29.7 seconds per frame), and our shape (1,142 microseconds per frame
including skinning;26,000 faster than FEM). All performance numbers are at
LOD 4 (33,346 vertices). Observe that, unlike skinning, our method resolves
self-collisions near the elephant'ships. . . .. ... ... ... ... ....... 91

4.11 Training time of our multi-resolution method, corresponding to Figure 4.9.
Thanks to the incremental nature of our neural networks, the reduced dimensions
of our regions are signi cantly lower than in prior work [10], resulting in faster
training times of ourmethod. . . . . . . .. ... o 92

Xii



4.12 Comparison to dual quaternions. Our method produces visually better shapes
that closely match the ground truth (FEM simulation with self-contact handling
and volume preservation), at a modest increase of computing time. This pose was
unseenduringtraining. . . . . . . . .. e e 92

4.13 Comparison to auto-rigging [91]. Our method outperforms auto-rigging in terms
of the shape quality and runtimespeed. . . . . . . . . .. ... ... ........ 93

4.14 Limitation of our method. Our training data does not contain poses where the
elephant stands on its last feet, or where the front ankle is bent severely. Our
method failsinsuch poses. . . . . . . . . . . . . ... . 93

4.15 Using complete vs incomplete training data.Observe that our method with
incomplete training data produces visible penetration artefacts near the hip. . . .. 94

4.16 Multicore performance. CPU performance vs number of cores on a complex
example (72,414 vertices). Hand example, nestLOD (LOD4). . . ... ... .. 94

Xiii



Abstract

Precision modeling of the hand's internal musculoskeletal anatomy has been largely limited to
individual poses, and has not been connected to the continuous volumetric motion of the hand

anatomy actuating across the hand's entire range of motion.

This thesis gives a method to simulate the volumetric shape of a hand's musculoskeletal or-
gans to any pose in the hand's range of motion, producing external hand shapes and internal organ
shapes that match ground truth optical scans and medical images (MRI) in multiple scanned poses.
This part of the thesis was published at ACM SIGGRAPH Asia 2022. We achieve this by combin-
ing MRI images in multiple hand poses with FEM multibody nonlinear elastoplastic simulation.
The system models bones, muscles, tendons, joint ligaments and fat as separate volumetric organs
that mechanically interact through contact and attachments, and whose shape matches medical
images (MRI) in the MRI-scanned hand poses. The match to MRI is achieved by incorporating
pose-space deformation and plastic strains into the simulation. We show how to do this in a non-
intrusive manner that still retains all the simulation bene ts, namely the ability to prescribe realistic
material properties, generalize to arbitrary poses, preserve volume, and obey contacts and attach-
ments. We use our method to produce volumetric renders of the internal anatomy of the human
hand in motion and to compute and render highly realistic hand surface shapes. We evaluate our
method by comparing it to optical scans and demonstrate that we qualitatively and quantitatively
substantially decrease the error compared to previous work. We test our method on ve com-
plex hand sequences, generated either using keyframe animation or performance animation using

modern hand tracking techniques.
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While the hand anatomy simulation system achieves high anatomical precision, there is also
a growing need for techniques that balance this level of realism with the speed required for many
real-time applications in computer graphics. The transition from anatomically accurate simulations
to real-time mesh deformations introduces a complementary challenge.

Thus, the thesis also gives a hard-real-time multi-resolution mesh shape deformation tech-
nique for skeleton-driven soft-body characters, such as the human hand. This part of the thesis
was published at ACM SIGGRAPH Asia 2024. Our work targets applications where the multi-
resolution shapes must be generated at fast speeds (“hard-real-time”, e.g., a few milliseconds at
most and preferably under 1 millisecond), as commonly needed in computer games, virtual reality
and Metaverse applications. We assume that the character mesh is driven by a skeleton, and that
high-quality character shapes are available in a set of training poses originating from a high-quality
(slow) rig such as volumetric FEM simulation. Our method combines multi-resolution analysis,
mesh partition of unity, and neural networks, to learn the pre-skinning shape deformations in an ar-
bitrary character pose. Combined with linear blend skinning, this makes it possible to reconstruct
the training shapes, as well as interpolate and extrapolate them. Crucially, we simultaneously
achieve this at hard real-time rates and at multiple mesh resolution levels. Our technique makes
it possible to trade deformation quality for memory and computation speed, to accommodate the
strict requirements of modern real-time systems. Furthermore, we propose memory layout and
code improvements to boost computation speeds. Previous methods for real-time approximations
of quality shape deformations did not focus on hard real-time, or did not investigate the multi-
resolution aspect of the problem. Compared to a “naive” approach of separately processing each
hierarchical level of detail, our method offers a substantial memory reduction as well as compu-
tational speedups. It also makes it possible to construct the shape progressively level by level and
interrupt the computation at any time, enabling graceful degradation of the deformation detail.
We demonstrate our technique on several examples, including a stylized human character, human

hands, and an inverse-kinematics-driven quadruped animal.
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Chapter 1

Introduction

1.1 Simulation of Hand Anatomy Using Medical Imaging

Modeling and animation of hands has numerous applications in Im, computer games, virtual
reality, CAD/CAM, medicine, and related elds. Precise modeling of the motion of the internal
anatomy of the human hand can help with designing hand prosthetics, better surgical tools, or
improve the ergonomics of tools and apparel. Hand anatomical models can also be used to generate
high-quality datasets of hand shapes across the range of motion, which deep learning can use to
track hand poses and recognize hand activity.

The importance of hand modeling and animation has long been recognized, and there is a large
body of work on the topic. Most existing methods, however, focus on the external hand shape and
subsume internal anatomy with simpli ed non-anatomical representations. We give a method to
accurately model the motion of the internal musculoskeletal anatomy of the human hand across
the entire range of motion of the human hand, and do so in a manner that demonstratedly matches
medical imaging (MRI) across multiple hand poses. We model hand bones, tendons, ligaments,
muscles, and fat, all as separate volumetric three-dimensional tissues that move and deform as
observed in the MRI scans of a real person's hand.

Our method is a hybrid data-driven simulation method that uses data (MRI scans) to steer
a Finite Element Method volumetric multibody simulation to be able to “extrapolate” from the

MRI scans to the entire range of motion of the hand. The steering is achieved in different novel



ways for the different tissues; for example, tendons are steered through novel sliding constraints
de ned using pose-space deformation [1] against the MRI data (Section 3.3), and muscles and fat
are steered with novel per-organ and per-pose plastic strains, optimized so that the FEM simulation
matches the MRI data in the scanned MRI poses (Sections 3.2, 3.5). We limit our muscle modeling
to concentric isotonic contraction, i.e., relaxed poses free of (substantial) muscle rings such as
those encountered during free hand motion or gentle grasping. This is because the poses in our
MRI scans are also relaxed. We are not aware of any method that has simultaneously captured
hand MRI data and muscle activation patterns in multiple poses, nor do we attempt to do so in
this work. This is still suf cient for free-space hand motion as commonly encountered in many

applications, and analysis and simulation of its internal anatomical motion.

Previous volumetric methods have attempted to model the entire hand as a single soft tissue [2,
3], but they ignored the fact that different hand organs have very different mechanical properties.
For example, muscles are much stiffer than fat; and are active tissues. A hand tendon behaves
like an inextensible rod. In addition, adjacent tissues usually move relative to each other, such
as muscles sliding against each other. These effects cannot be captured by merely modeling the
entire hand as a single soft tissue. For accurate hand modeling, it is important to mesh and sim-
ulate different organs separately. While different hand organs have been widely studied in many
research elds independently, to the best of our knowledge, nobody has attempted to model the en-
tire hand as a complete biomechanical volumetric system. Existing volumetric simulation models
are not designed for matching medical images such as MRI, whereas our method matches them

both qualitatively and quantitatively.

As commonly done in VFX industry, our simulation proceeds in layers [4]. The input to our
work is a hand joint hierarchy animation generated using any suitable means, e.g., hand motion
capture, or vision-based hand tracking systems. The bones (rigid objects) are then driven kine-
matically using the joint hierarchy, followed by bone fascia (cloth), and then soft-tissue simulation
layers: tendons (rods), ligaments, muscles (elastic solids) and muscle fascia (cloth). Our last layer

is the fat tissue (elastic solid), which gives us the external shape of the hand. We use the “cloth”



Figure 1.1:Human hand anatomy animated across the hand's range of motionThese sur-

face and volumetric renders display complex hand organ volumetric motion computed using our
method. The hand was posed into letters A-E of the American Sign Language; these poses were
not scanned by MRI, but are computer-simulated.



Figure 1.2:Representative frames for motion “Numbers 1-5” and “Close the st”. We display

the front, back and the side of the hand. Our method can animate the hand internal musculoskeletal
organs to arbitrary poses in the hand's range of motion, in a manner that matches the medical
images in the example poses (Figure 3.30) and even non-example poses (Figure 3.31). In addition
to musculoskeletal organs, arteries and veins are also clearly visible in the “fat emphasized” MRI
sequence.



terminology because it is common in computer animation; “cloth” here simply means an elastic
thin-shell. We employ a layered simulation, as opposed to a coupled simulation of all hand organs,
for two reasons: (1) even layered simulation is at the limit of what we can achieve computationally
today with state of the art algorithms; coupled simulation is computationally infeasible, and (2)
layered simulation is better suited for our goal of the organs matching the MRI scans in example
poses. Namely, a fully coupled hand has too many diverse tissues and too complex interdepen-
dencies, which makes it intractable to simultaneously match the MRI scans of the different hand

organs in multiple poses.

We demonstrate that we can closely match the ground truth medical images in each example
pose (Section 3.6, Figure 3.30, Table 3.5): all the organs are volumetrically matching their shapes
in the MRI scans, with average errors of less than 1mm in all example poses for skin, as compared
to an optical scan. Furthermore, we produce a good match to optical scans even in non-scanned
poses (Section 3.6, Figure 3.31). Our volumetric simulation produces realistic organ shapes across
the entire range of the hand's motion (ROM), by nonlinearly “interpolating” the shapes of organs
seen in the MRI scans. We are not aware of any prior work that has demonstrated volumetric sim-
ulation of the entire hand's musculoskeletal system that matches medical image ground truth data,
and that stably interpolates to the entire hand's ROM. We use our method to produce volumetric
renders of the hand organs under complex nonlinear motion as the hand actuates (Figures 1.1, 1.2).
Furthermore, our model qualitatively reproduces important features seen in the photographs of the
subject's hand, such as a similar overall organic shape and formation of bulges due to the activated

muscles.

1.2 Multi-Resolution Real-Time Deep Pose-Space Deformation

The rst study focuses on the intricate simulation of the hand's internal musculoskeletal system,
achieving high anatomical precision through FEM-based modeling. However, there is also an

increasing demand for techniques that not only ensure this level of realism but also meet the speed



requirements for real-time applications. Transitioning from pose-driven, anatomically accurate
simulations to real-time mesh deformations presents a new challenge: generating high-quality

deformations across multiple levels of detail while optimizing computational ef ciency.

There are many techniques to produce high-quality animated shapes of digital characters, such
as production character rigs, FEM soft-tissue simulation, 4D scanning and manual shot-sculpting.
However, these techniques are time-consuming and often cannot be performed in real time. In real-
time systems, one often animates a 3D mesh based on the motion of the underlying joint hierarchy.
This can be done to animate humans, animals, plants and even inanimate objects, and is pervasive
in real-time systems such as computer games, virtual reality, virtual production and the Metaverse.
The standard algorithm for this task (linear blend skinning (LBS) [5]) is fast and easy to use, but it
also produces well-known artifacts. Those can be corrected with several real-time techniques such

as dual quaternions [6], “delta mush” [7], helper joints [8] or pose-space deformation [1].

These techniques, however, do not address a critically important component of real-time sys-
tems, namely the need for multiple levels of detail. In a typical interactive application, important
assets are represented with multiple meshes, with a progressive number of vertices and triangles
(“Levels of Detail”, LOD). LODs are very common, for example, in popular game engines such as
Unreal and Unity. They are necessary to keep the real-time performance suf ciently high, so that
a character that is far from the camera can be displayed at a lower resolution. Similarly, if multiple
characters are in the foreground, it is useful to display them at a decreased resolution to maintain
the required update frame rates. In our work, we give a multi-resolution shape deformation tech-
nique that, given any character pose, produces the output shape at any (or several) desired level(s)
of detail (Figure 1.3), based on any suitable shape deformation training data; and does so at hard

real-time rates.

Our technique is grounded in multi-resolution methods extensively investigated in computer
graphics [9]. Itis similar in spirit to Pose-Space Deformation [1] and Fast Deep Deformations [10]
in that we also generate pose-dependent pre-skinning correctives to the neutral shape using neural

networks, to which linear blend skinning is applied to produce the output shape. However, our key
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