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Muscles provide physiological functions to drive body mmest and

anatomically characterize body shape, making them a dracimponent
of modeling animated human figures. Substantial effortseHasen ex-
pended on developing computational models of muscles ®ptirpose
of increasing realism and accuracy in a broad range of aijits, includ-

ing computer graphics and biomechanics. We survey varippsoaches
that have been employed to model and simulate muscles baiphwiog-

ically and functionally. Modeling the realistic morpholo@f muscle re-

quires that muscle deformations be accurately depictedhi$oend, sev-
eral methodologies have been presented, including geimalBttbased,

physically-based, and data-driven approaches. On the loéinel, the simu-
lation of physiological muscle functions aims to identifetbiomechanical
controls responsible for realistic human motion. Estinmtihese muscle
controls has been pursued through static and dynamic gionga We re-

view and discuss all these approaches, and conclude withestigns for
future research.

Categories and Subject Descriptors: |.3Cofputer Graphics]: Three-
Dimensional Graphics and Realismrimation 1.3.5 [Computer Graph-

ics]: Computational Geometry and Object Modelingthysically based
modeling

Additional Key Words and Phrases: Human Modeling, Musclgsiiiogy,
Anatomy, Biomechanics

1. INTRODUCTION

Computational human modeling has been an important rdsearc
topic in many domains: from films and video games, to augnaente

and virtual reality, in which virtual humans play vital releAs

the value of virtual human models extends to new areas, ssich a
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ergonomics, medicine, and biomechanics, the need for derkst

in modeling humans stemming from these new application gro
rapidly. Different approaches to modeling humans respand t
different performance requirements. For example, whilgrin
activity is required for real-time applications, visualaliem is
more desirable in film production. Moreover, physiologieald
biomechanical accuracy are most crucial in designing na¢dic
applications. Despite considerable effort, the immenseptexity

of the human body continues to make modeling it computaliypna
extremely challenging. Furthermore, our keen perceptféruman
bodies and their movement can make us very critical of eveallsm
deviations from expected behavior.

The human body is composed of an intricate and complex
anatomical structure which is made up of a variety of inteénac
tissues. Computational human modeling requires accueaienf
struction of this anatomical structure, the relevant liatael and
physiological functions, and their mathematical formigiatinto
practical physical and mechanical models. Among the varts4
sues composing the body, those that form muscles carry eertsai
physiological functions and collectively perform body reawent.
This survey focuses specifically on skeletal muscles becthey
impart two important features essential for computatidnahan
modeling. First, skeletal muscles serve as major body coemts
which make up nearly 50% of total body weight, charactegzhre
shape of a body and its tone. Second, they provide physeabgi
functions to stabilize body posture and drive body movement
While the former is a key feature for realistic representatf the
body which demands accurate modeling of muscle morphology,
the latter is crucial for realistic animation of body moverhehich
needs accurate simulation of muscle functions.

Early approaches [Badler and Smoliar 1979; Magnenat-
Thalmann 1985] proposed human models based on rigid skeleto
They are straightforward to implement and control, but amb/ o
capable of representing simple rigid bodies. Later, muscie
fatty tissue were introduced as additional layers to represlastic
deformation of soft bodies [Chadwick et al. 1989]. Howevkis
muscle model is physically unrealistic and its applicat®limited
to expressing bulging effects over joints. Various redeanrs have
thus devoted significant effort to modeling realistic masébcus-
ing on accurate representation of muscle shape and itsndelfbe
behaviors. For example, anatomical knowledge has beegratesl
into constructing muscle geometry [Wilhelms 1997; Scheepe
et al. 1997; Nedel and Thalmann 1998; Aubel and Thalmann
2001] and medical imaging techniques have been employed
to enhance visual quality [Ng-Thow-Hing and Fiume 1999].
Once muscle geometry is constructed, its deformable befsavi
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during muscle contraction need to be described. To this and,
variety of approaches have been proposed: geometricafigeh
physically-based, and data-driven approaches. In thedsibanics
community, skeletal muscles have also been extensivetliestu
but most of this work has focused on understanding their ar@eh
cal properties and physiological functions for human lootom.

As biomechanical models have been validated through rigoro
experiments [Huxley 1957; Zajac 1989], they have begun awdr
the attention of graphics researchers, who study simulabid
human motions based on computed muscle controls [Komuia et a
2000; Tsang et al. 2005; Lee and Terzopoulos 2006; Lee et al.
2009], ultimately producing realistic human animation. this
survey, we examine and discuss these approaches with teéspec
two principal features of muscle: muscle deformation andctau
simulation.

This paper is organized as follows. Section 2 gives a brief
introduction to anatomical and biomechanical descrigtiaf
muscle, which have been considered in most applications. In

section 3, we examine various approaches proposed to model

muscle deformation. In section 4, we address muscle control
problems and present related simulation models to solve.the
Section 5 concludes with a discussion of possible appr@ache
to bridge the efforts of the biomechanical and graphicsamese
communities, working towards a unified model.

2. BACKGROUND

Muscles are the active tissues in the body that generatesfdoc
drive motion. Depending on their physiological functiomsys-
cles can be classified into three types: cardiac, smoothslezid-
tal muscle. Cardiac muscles make up the walls of the heaite wh
smooth muscles constitute the walls of other organs or blesd
sels. Both of these two classes of muscle are controlled dptia
tonomic nervous system and contract without consciousteffim-
like the first two classes of muscle, skeletal muscle cotitmags
controlled through the somatic nervous system and, for tbhstm
part, is done so consciously. These voluntary contracfiooduce
forces which transfer to the underlying skeleton, resgliim hu-
man body movement. Most research in graphics and relateis fiel
such as biomechanics and robotics, has focused on undiirgjan
the physiological features and functions of skeletal messdh this
section, we briefly review both anatomical and biomecharasa
pects of skeletal muscle.

2.1 Structural Description

Skeletal muscles are wrapped by #psysiuma dense connective
tissue which joins with the tendon. Internally, the muscée i
composed of numerous muscle fiber bundles, caftesticles
which are separated from one another by a layer of connective
tissue knowns as thperimysium In turn, every fascicle consists
of muscle fibers, which are isolated from one another by the
endomysium Similarly, each muscle fiber consists of parallel
bundles ofmyofibrils Finally, each myofibril is made up of a serial
array of contractile units, calleshrcomereswhich are responsible
for producing the contractions associated with musclese Th
hierarchical structure of muscle is illustrated in Figurdthough
fascicles and fibers are often graphically depicted as leircu
structures, it is important to note the true mosaic-likecegtilling
pattern of these components.

Another important component to be considered is tendon. It
transmits forces produced by the attached muscle to bomelofie
connects muscle to bone either at a narrow area or over a wide
and flattened area, known as thgoneurosis The attachment of
muscle to more stationary bone (i.e., the proximal siteqiked the
origin while the other end to more movable bone (i.e., distal site)
is called theinsertion Tendons are mostly composed of parallel
arrays of collagen fibers closely packed together and hase th
mechanical property that they are much stiffer than muselesn
they are pulled. In addition to force transmission, tendas h
function to passively modulate force during locomotiorgyiding
additional stability (for example, the Achilles tendon itgr a
human stride).

2.2 Muscle Architecture

Muscle architectureefers to the internal arrangement of fascicles
within a muscle. A minority of muscles have simple architees,

in which the fascicles are arranged parallel to one anotluega
the length of the muscle. These are typically the larger tegsc
such as the biceps brachii or the sartorius. However, mostles
exhibit fascicles with an angular orientation, called gemnation
angle, between their tendinous attachments and the |afigéu
axis of the muscle. Muscles with angular fascicle arranggsare
known aspennatemuscles. Several types of pennation patterns are
observed in skeletal muscles, as illustrated in Figure 2s&Hdif-
ferences in muscle architecture determine the range of mene
and power produced by a muscle. A muscle would contain agreat
number of shorter muscle fibers in a pennate configuratiomitha

a parallel configuration. As such, pennate muscles do natesho
as much, but can produce more force than parallel muscldseof t
same size.

109 Lo

Parallel Fusiform Triangular Unipennate Bipennate  Multipennate
PARALLEL CONVERGENT PENNATE

Fig. 2. Exemplary muscle architecture types (adapted fragaTNow-
Hing [2001])

2.3 Muscle Contraction

Muscle contraction is controlled by the central nervoustesys
nerve impulses originate from and travel down the motor oesir

to the sensory-somatic branch in the muscle. The place vthere
terminal of a motor neuron and a muscle fiber connect is called
the neuromuscular junction. Each motor neuron innervates af
muscle fibers in which the nerve impulses stimulate the flovabf
cium into the sarcomeres, causing their filaments to slidedd

et al. 2004]. Sarcomeres have protein-based structurepasad

of high-tensile “thin” filaments ofactin and “thick” filaments of
myosin They are alternatingly stacked on one another and interact
via cross-bridges to produce force. The sliding filament eéods-
bridge theory [Huxley 1957; Huxley and Simmons 1971] ddssi

the process of muscle contraction. During muscle contracthe
lengths of these filaments remain constant and slide palstather

to increase their overlap, producing an overall shortesiifgct in

the muscle, as illustrated in Figure 3. The myosin heads @me c
sidered to be elastic elements which oscillate about adilequim
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TENDON MUSCLE FASCICLE

MUSCLE FIBRE

MYOFIBRIL SARCOMERES

Fig. 1. Major components of the hierarchical muscle stnadtsystem (adapted from Ng-Thow-Hing [2001])

position (i.e., position of attachment to the myosin filamatue
to biochemical energy. They are linked as the cross-britigéise
myosin binding sites located in the actin filament. When thads
oscillate, they continuously attach or detach from the rimybsd-
ing site. When they attach, they exert forces on the actimélats,
causing filaments to slide past each other. Muscle conbractn
be classified according to length change or force leveilsdtonic
contraction, muscle length changes while producing fdteemus-
cle either shortens (i.econcentriccontraction) or lengthens (i.e.,
eccentriccontraction) depending on whether the produced force is
sufficient to resist an external load.isometriccontraction, muscle
length remains unchanged while producing force, as, fomgia,
when holding up an object without moving.

——
\

—— .

—— Actin

RELAXED Myosin

CONTRACTED
Fig. 3. During concentric muscle contraction, the sarcensortens as
filaments of myosin pull along the rigid filaments of actin.eTimore the
filaments overlaps, the more the sarcomere thickens (adifqoen [Jones
et al. 2004]).

2.4 Mechanical Properties

Mechanical properties of muscle associated with force Idpve
ment can be obtained from simple experiments using musaote is
lated from tendon [Gasser and Hill 1924]. When the whole neusc
is stretched or shortened to several different lengthsreakelting
force output is measured and plotted against the length Wdt
muscle activation, muscle only develops passive resterdtirce
against increased stretching. With muscle activation,abeuson-
tracts and generates active force. The total force is theafuath
active and passive forces (see Figure 4(a)). The active fefound
by subtracting the passive force from the total force. Thelimear
force-length relationship is consistent with the slididgrfient the-
ory of muscle contraction. Another important mechanicabperty

of muscle is the relationship between the velocity at whiaksm
cle shortens and the amount of force it produces (plotteddn F
ure 4(b)). To quantify this relationship, a fully activatediscle is
clamped isometrically and then suddenly released to allmsten-
ing against an external load. When there is no load on the lmusc
the maximum velocity of shortening is experienced. As themal
load increases, the velocity of shortening decreases.prbojserty

is known to be associated with the dependence of muscle éorce
the number of attached cross-bridges [Jones et al. 2004|n@u

muscle contraction, cross-bridges attach to produce $orgace
it takes some amount of time for them to attach, as filameits sl
past one another more quickly (i.e., muscle shortens witteas-
ing velocity), produced force decreases due to the lowerhaurof
attached cross-bridges. Conversely, as the relative itglotfil-
aments decreases (i.e., muscle shortens with decreadouityg
more cross-bridges can take time to attach, producing nooce f

Force —

concentric
L]

‘/Y%IX .
Velocity —»
FORCE-VELOCITY

(b)

eccentric

Length —
FORCE-LENGTH

(@

Fig. 4. Mechanical properties of muscles associated witbefaevelop-
ment (adapted from [Zajac 1989]). (a) A sample force-lergtit shows
the passive elastic (dotted), active (dashed), and tatéilfsforce gener-
ated by a muscle against its leng {” is the maximum isometric force
and L is the rest/optimal IengtrFé” is experienced ak. (b) A sample
force-velocity plot shows the changes in force a muscle igéee against
the velocity of muscle contractio,}/, . is the maximum shortening ve-
locity.

2.5 Mechanical Models

A simple and phenomenological mechanical model (showngn Fi
ure 5(a)) was suggested by Gasser and Hill [1924] to capture
the mechanical properties of muscle discussed above. Tddleim
has three major components: the series element (SE), tlaé par
lel element (PE), and the contractile element (CE). Theesezl-
ement (SE) represents mainly the elastic effects of tenddnra
trinsic elasticity within the sarcomere. The parallel etem(PE)
represents the passive elasticity of the muscle resultiom the
penetration of connective tissues into the muscle body. ctime
tractile element (CE) accounts for generation of activedarhich

is dependent on the muscle lengtH,, and the time-varying neural
signal,a(t), originating from the central nervous system. The Hill
model was later refined by Zajac [1989] to be a dimensionlgss a
gregate or “lumped” model which can be scaled easily to sspre
any skeletal musculotendon unit. The force components ae m
eled from the measurement of isolated muscle fibers, whielridly
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reflect the non-linear properties due to the sliding filaraevthile
the series elastic element can be lumped with the tendoneand r
moved from the model, pennation effects are directly inetlighto
the model. In Zajac’s model, muscle lengtl,, tendon length]”,
muscle force F'M, and shortening velocity,, are respectively
normalized as

l M M

~m Y
M
Umacv

FAI B FA{

[M/
- M
F 0

=p0 =
lO

wherel}! is optimal muscle length at which?¥ is developed]T

is tendon rest IengﬂFOM is the maximum isometric force of active

muscle, and}, is the maximum shortening velocity of muscle

fibers. The relationship between muscle and musculoterefath
is

MT =T 4 1M cos(a)

whereq is the pennation angle (see Figure 5(b)). Normalized ac-
tive FCE and passive forcé&”” can be approximated from the
characteristic curves of force-length and force-velo¢sfyown in
Figure 4). Production of contractile forée&” * is the FCE, scaled

by activation levela(t), and force-velocity relationt, (o°4).
FOP = a(t)F, (o) P g, (1)
Finally, total force generated by the whole muscolotendaihis

Fr = (FCF 4 FPE) cos(a) 1)

Another commonly used muscle model is the Huxley
model [Huxley 1957] which was built by combining the sliding
filaments and cross-bridge theory reviewed in Section 2.BiléV
the Hill model has been used to describe macroscopic belsavio
of muscle, the Huxley model has been used mainly to undetstan
the properties of the microscopic contractile elementsddscribe
muscle contraction, the actin-myosin bonding reactioxBessed
using first order kinetics as

dn  On on

= v = (L -n)f@@) —ng@) (@)
where n(z,t) is proportional to the number of attached cross-
bridges with displacement at timet, v(t) is the velocity of con-
traction of a half sarcomer¢{z) is the rate of attachment agdx)

is the rate of detachment. The displacemeris the distance be-
tween the equilibrium position and the myosin binding gosito-
cated in the actin filament. The cross-bridge is defined asrthss-
link between the myosin head and the myosin binding poséiuh

its behavior is modeled using the Hookean spring with spcomgy
stantk. Total force exerted by muscle is calculated by summing
forces contributed by each bonded cross-bridge as

mkAs(t) / *©

21
wherem is the number of cross-bridges per unit volurdeis the
cross-sectional area of the musclé,) is the sarcomere length and
I represents the distance between successive bindinggusiti

F(t) = xn(z, t)dz

3. MUSCLE DEFORMATION

Muscle is not only a functional unit that drives body movemén
is also a fundamental component in defining the visual appear

of the human body. Consequently, realistic muscle defaomas
needed for high-quality animated human characters. Seapra
proaches have been proposed to model either muscle deformat
or muscle-driven body deformation. Their application carused
to simulate different scales of systems, from a single neusthn
entire body. Based on their underlying fundamental metloago
we classify these approaches into three categories: gdoaiigt
based, physically-based, and data-driven approaches.

3.1 Geometrically-Based Approaches

Geometrically-based techniques were employed in earliesys
because they are practical and efficient. Most proposedappes
have focused on modeling animation effects of muscle cotibra,
such as bulging or swelling, which can be key factors for slifor-
mation or facial animation. They have been shown to be safides
in modeling simple muscle (e.g., fusiform) but there may et
a straightforward extension to complex muscles [Wilhelr@87;
Scheepers et al. 1997]. Furthermore, since muscle defimmigt
determined by skeleton arrangement, these techniquesdiffive
culty in achieving a high order of realism from physiolodica
biomechanical perspectives. Thus, to better handle thestems,
muscles are constructed as multiple layers or are ofteeduyth
other physically-based approaches (see Section 3.2).

3.1.1 Space DeformationChadwick et al. [1989] employed
Free Form Deformations (FFDs) to represent muscle defémmat
Articulated skeletons, located inside muscle, transfosareound-
ing FFD lattice, which in turn represents a muscle shapeggan
Although FFDs provide simple and fast control, they do naotpe
direct manipulation. Also, the regular lattice spacingdisg FFDs
prevents the detailed control needed to produce more cample
shapes (see Figure 6). Moccozet et al. [1997] addressetirthis
itation by introducing Dirichlet Free From DeformationsKEDs)
which are based on a scattered data interpolation techniduey
removed the requirement for regularly spaced control pdigtre-
placing rectangular local coordinates by generalizedrahheigh-
bor coordinates (namely, Sibson coordinates). Given atpis
natural neighbors are collected based on Delaunay andhbiric
let/Voronoi diagrams and its displacement is computedguisiter-
polation. They used a multi-layered deformation modelltsitate
hand animation in which the muscle layer is modeled by a DFFD
control point set corresponding to a simplified hand topplya
In Skeleton-Subspace Deformation (SSD), deformation dasa
points is determined by the weighted summation of the aatexti
skeleton coordinate transformations. Muscle bulging oelbmg
can be modeled by manually defining skeleton subspaces and ad
justing weights. Lewis et al. [2000] introduced the Pose<®pDe-
formation (PSD) by generalizing the interpolation domaihjch
can be defined by a skeleton or even expression parameteng. Th
improved upon the blending problem, in which neighboring-su
spaces might incorrectly blend together in SSD, and pegthiti-
rect manipulation of the desired deformation.

3.1.2 Parametric and Polygonal Surfaceomatsu [1988]
used biquartic Bézier surfaces to model body deformatidre
Bézier surfaces are patched cylindrically around theeskel and
are jointly controlled to transform the body. Wilhelms [I9%nd
Scheepers et al. [1997] used a parametric ellipsoid as a pasi-
itive to model human skeletal muscles. Three principal axesd-
justed to represent the bulging of the muscle belly, whileme is
preserved with respect to constrained ratios using prestbfiela-
tionships among these three axes. Although an ellipsoidffi€®nt
for modeling simple shapes, such as fusiform muscle, it aann
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Activation Signal, a(t) Activation Signal, a(t)

HILL'S MODEL ZAJAC'S MODEL

(@) (b)

Fig. 5. Mechanical muscle models (adapted from Chen anaete]1992]). (a) A Hill's model describes the force of a mescontracting as the sum of
three elements, the contractile element (CE), the serstiekelement (SE), and the parallel element (PE). (b) Zajaodel extends Hill's model, adding the
pennation angley, of a muscle fiber.

3.1.3 Implicit Surfaces.An implicit surface generated by a set
of skeletonsgs; (i = 1,2,---,n), with associated field functions,
f:, is defined at the isovalueby

{PeR’| f(P)=c} wheref(P)=3} fi(P)

The skeletons;, can be any geometric primitive such as a point, a
curve, a parametric surface, etc. The field functifinjs generally

a decreasing function of the distance from a given paihtto
the associated skeleton (see Figure 8). Based on the typelaf fi

be easily adapted to model more complex muscle shapes.Schee function, various implicit surfaces have been developedbs)
ers et al. then extended their model to represent multitlelis- metaballs, soft objects, and convolution surfaces [BIirg82}
cles (e.g., pectoralis) in which pairs of origin and insertion points ~ WyVill and Wyvill 1989; Bloomenthal and Shoemake 1991].
are specified ana ellipsoids are laterally aligned along the path
within the corresponding pair. Their model is further getieed

to represent more complex muscles which are bent and wrappe
around anatomical structure (e.g., brachioradialis inftinearm).
The straight path between the origin and the insertion peing- L LS . : :
placed by a cubic Bézier curve representing the directionuscle primitives (e.g., muscle, limb, and fatty tissue) are adelly con-
force and ellipses of varying size along this curve to defieavol- structed from a stick figure skeleton model and coated wieh th
ume and shape of the muscle. Dow and Semwal [1993] proposed®!liPsoidal metaball surfaces. Although the implicit swés are
the generalized cylinder based muscle model, which is septed ~ SM0oth and continuous in modeling objects, unwanted bignef-

by a cylinder axis and surrounding cross-sectional sli€as.con- fects may often occur in modeling deformation over jointhisT
tour of each slice is modeled by B-spline curves and its migiu ~ Problem can be avoided by defining neighboring areas betieen
controlled to express volumetric changes of muscle (seer&ig). different skeletons, and specifying how the contributifsoen them
Wilhelms and Gelder [1997] presented a similar approach thié are to be summed (e.g., blending graph [Cani-Gascuel ariorres
additional flexibility that a cylinder axis can be bent for deting 1997] and weighted blending with the proximity [Singh andrfie
muscle bent over the joint. Furthermore, the muscle lengitfth 1998)).

and, thickness are scaled to maintain constant volume.

Fig.6. Anexemplary FFD surface is defined by a control lattimound the
muscle shape surface. (Left) The FFD surface before defamgRight)
The FFD surface after deformation.

Bloomenthal et al. [1991] used convolution surfaces to rhode
gthe human hand and arm by approximating bones, muscles, ten-
dons and veins close to the underlying skeletons. Thalmann e

al. [1996] presented the multi-layered human model whosly bo

T
|Framey g = \
i )

Fig. 8. An exemplary implicit surface is defined by the sum elfifunc-
tions around associated spherical skeletons. The surfefoeebdeforma-
tion (left) and after deformation (right).

Fig. 7. An exemplary parametric and polygonal surface: aafeushape
is defined by control of a set of cross-sectional slices. Trase before
deformation (left) and after deformation (right).
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3.2 Physically-Based Approaches

While geometrically-based models have proven to be sufficie
for some graphical applications demanding visually acigpt
quality, their inherent simplicity and the need for humateiaen-
tion often makes it difficult to extend them to represent claxp
scenes involving dynamics. Furthermore, they lack the iphl/s
or mechanical accuracy often required for realistic modghnd
simulation. To overcome these deficiencies, many reseatlage
turned to physically-based approaches in which physicsstakre
of complicated problems involving muscle dynamics andugss
properties. To model physically-based muscles, the fotigw
two problems must be addressed: (1) determining the cditrac
muscle forces and (2) representing the changing muscle gfepm
during the contraction. To solve these problems, severaichau

models have been proposed based on a variety of computationa
methods, such as mass-spring systems, FEM (Finite Element

Method), and FVM (Finite Volume Method).

3.2.1 Mass-Spring SystemAn object is modeled by a collec-
tion of point masses linked together with massless spribwgelas-
tic force acting on massconnected by a spring to magss given
by

£ = k(|xi| — 1)

J (‘ J‘ ZJ) ‘xij‘

wherex,;; = x; — x;, andx;, x; are the locations of point
masses and j, respectively/;; is the rest length between them
and k is the spring’s stiffness. This linear spring model can be
generalized by incorporating various types of spring feyeich
as angular, bending, and shearing. Each force is derived &o
energy minimization principle and serves as a constraicatese
the desired deformation effects.

Chadwick et al. [1989] linked FFD control points to point rees
in a mass-spring system, allowing this dynamic system taeémnite
the geometrically-based deformation. By augmenting tR&iD-

cle. Zordan et al. [2004] developed a human torso model to ani
mate breathing motions, such as inhale and exhale. Thepiayer
of ribcage, diaphragm, and abdomen muscle while breathamy w
described based on respiration mechanics and was simulsitegl

a mass-spring system (see Figure 9(b)). Furthermore, iar dod
preserve the volume of the human body, pressure forces loased
anticipated volume change are incorporated.

(b)

Fig. 9. A mass-spring system is used to simulate behavioiges$ of
action and wrapped surfaces of (a) pectoralis muscle [AabéIThalmann
2001] and (b) torso model [Zordan et al. 2004]

3.2.2 Finite Element Method (FEM)In the finite element
method (FEM), a body is subdivided into a set of domains or fi-
nite elements (e.g., hexahedra or tetrahedra in 3D, qaaehals
or triangles in 2D). Displacements and positions in an efgrage
approximated from discrete nodal values using interpmtafiinc-

based muscle model with a mass-spring system they werea@ble t tions:

represent the viscoelastic properties that articulatetbgin-driven
deformation often lacks. Lee et al. [1995] and Albrecht ef20103]

embedded a muscle layer based on a mass-spring system betwee

the skin surface and the skeleton structure to model fagales-
sions and the hands, respectively. Spring forces genebsgtede
movement of bones in the skeleton caused the attached skin su
face to deform realistically. Nedel and Thalmann [1998] Anbel

and Thalmann [2001] proposed a two-layered muscle model con
sisting of a line of action and the muscle surface. The linaf
tion is modeled using either a straight line [Nedel and Ttadm
1998] or a 1D mass spring [Aubel and Thalmann 2001] to defime th
profile of the muscle (e.g., orientation and bone attachmé&tie
skeleton kinematically controls the line of action to defdhe sur-
rounding muscle surface based on a mass spring system (gee Fi
ure 9(a)). Besides linear springs representing the syréawular
springs have been incorporated to control the volume of the-m
cle [Nedel and Thalmann 1998]. Ng-Thow-Hing and Fiume [1999
2001] proposed a more sophisticated model based on anaiomic
and biomechanical considerations. Their solid muscle tiaeted
from medical imaging data or cross-sectional sliced imdges,
Visible Human [Ackerman 1998]) and modeled using voluneetri
B-splines. For interior details, a muscle fiber architeetisr con-
structed based on digitally scanned fiber data. While alhiied
model is employed to express the dynamics of muscle fibersama
spring system is used to represent viscoelastic deformafimus-

D(x) = Z hi(x)®;

whereh; is the interpolation function for the element containing
and ®; is the scalar weight associated with. There exist many
choices for the element type and the interpolation funstidrhe
choice depends on the object geometry, accuracy requitsmen
and computational budget. Higher order interpolation fioms
and more complex elements require greater computation per
element, but may give a more accurate approximation. Forra mo
complete discussion of the FEM, see [Strang and Fix 2008k16i

a dynamic problem to be solved, equilibrium equations ariveid

in terms of quantities of interest (e.g., strain or stresy) are
expressed as Partial Differential Equations (PDEs). THRIBES
are then approximated by the FEM. For example, to represent
solid deformation, the total strain energy as the poteetigrgy is
carefully designed to express desired material respondehem
equilibrium equations are derived according to the pritecgs vir-
tual work[Gibson and Mirtich 1997; Nealen et al. 2006]. Resulting
algebraic equations form linear or nonlinear system, ddipgn
on the specified strain energy. While smaller linear systears
be solved by direct methods (e.g.,Gaussian Eliminaticarge
or nonlinear systems require iterative methods (e.g., @Waig
Gradient or Newton’s method) [Press et al. 1992].
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Chen and Zeltzer [1992] proposed a biomechanical approach 3.2.3 Finite Volume Method (FVM)As with FEM, the finite
by integrating a Hill-based muscle model into a linear étast volume method approximates PDEs by algebraic equationsh&o
solid model. Active muscle forces are approximated as param integration of conserved variables in PDEs, volume integaae
ric functions and embedded into selected edges betweeicegert converted to surface integrals using the divergence thedfbese
of a FEM-based solid. While they animated flexion of muscles, terms are then evaluated as fluxes at the surfaces of eaewibhit
they emphasized the biomechanical validity of their modgl b  ume. For example, to compute the internal fofcat nodex;, we
comparing it to experimental measurements, such as the-forc use
length and quick-release properties. Zhu et al. [2001] eygul d d d
Stern’s muscle model [Stern 1974] in which simplified bebawvi f,=— /// pvdx = — // tdS = — // ondS
of bone-joint-muscle complexes are described. Both works e dt Q dt J Joq dt J Joe

ployed a linear elastic material model for connective passis- wherep is the densityy is the velocityt is the surface traction on

sues of muscle, which is computationally efficient but validy 09, ¢ is the stress tensor, amdis the surface normal. For a more
for infinitesimal deformation. In contrast, Hirota et alO[Pl] and complete discussion of the FVM, see [LeVeque 2002].

Lemos et al. [2001] adopted nonlinear material models that a

lowed the robust representation of large deformationsotiliet al. Teran et al. [2003; 2005] proposed a FVM-based approach to

combined the Mooney-Rivlin model [Mooney 1940], the Verand  gjmyjate deformable behavior of skeletal muscles (showfiga
model [Veronda and Westmann 1970] and the fiber-reinforeéme ;re 10(b)). They argue that FVM inherently requires lessmata-
material model [Klischab and Lotza 1999] to express pas&ve jon and memory usage than FEM does. To represent highly non-

sponse of tissues during body contact. Lemos et al. [2008] @S |inear material response of muscle, they used the sophiisticon-

rubber-like material model (e.g., hyperelastic mateaaldl explic- stitutive model similar to [Hirota et al. 2001]. Furtherrapthey in-

itly aligned Hill-based muscle forces to fiber orientatiomishin corporated anisotropic properties based on fiber architecivhich

the finite elements. In biomechanics, FEM has been widelgsnv 5.6 modeled using the B-spline solid technique [Ng-ThoweHi
tigated for studying skeletal muscles. Various muscle risodave and Fiume 1999].

been proposed to analyze and predict accurate strainbdititm
of muscle during contraction and its functional propertiésce-

soy et al. [2002] modeled the mechanical behavior of skietetis- 3.3 Data-Driven Approaches

cle as the interaction between the intracellular domaén, (nuscle In contrast to many methods involving the modeling of phaisic
fibers) and extracellular matrix domain (i.e., connectigsues). human components and processes, some data-driven apgsoach
Thus, muscle geometry is represented by two separate migsttes  forego anatomical mechanisms and directly model the skipesh
are elastically linked to account for the force transmisside- deformed by the underlying muscle, of a human in plausibiepo

tween these two domains. Silvia and Delp [2005] developedya w  Data is captured on the surface of subjects usually with erarén
to represent complex muscle geometry and architectureRigee  the skin by a motion capture system or a range scanning device
ure 10(a)). A variation of the moment arms of fibers is modeled Several techniques are then used to generate a new skitesurfa
and the predicted changes to muscle shape are compared t0 maggiven a novel skeleton pose. Although such data-drivencamres

netic resonance images. Tang et al. [2009] proposed a tudivati are relatively new, several key papers have already shoen th
muscle model in which active contraction of muscle fibers lapd power of this technique.

perelastic material properties are coupled using therstraéergy

approach. They demonstrated different types of contrastisuch Early work by Min et al. [2000] is based on the observatiort tha
as concentric and eccentric contraction, and effects othauge- skin shape in a human scan is determined by the underlyirg-ske
ometry and fiber orientation on the stress distributione[&i et al. ton and muscle, and uses an anatomically-based approaiighav
2000; Oomens et al. 2003] incorporated the Huxley modelfe re  layers of skeleton, muscle, and skin. Moving the skeletdordes
resent contractile properties of skeletal muscle. The ejurlqua- the isosurface muscle in a volume-preserving fashion, hvirc
tions (Equation 2) are approximated using a Distributed Idots turn deforms the skin layer. The upper body was modeled and th
approach [Zahalak 1981] and combined with the constituityga- resulting animation showed realistic arm bending and ciet).
tion describing nonlinear and incompressible materigioase. Another approach to arm animation used several exemplany ar

shapes [Sloan et al. 2001] and a unique interpolation schsing
linear and radial basis functions to create a continuougerasf
well-behaved poses.

As example poses of human subjects became more accessi-
ble, more ambitious systems were created [Ma et al. 2004. Th
range scanning technique, a person poses for a short time as a
scanner creates tens of thousands of data points on theeurfa
of the subject at a density of just a few millimeters. Allen et
al. [2002] created a high quality posable upper body modehfr

@) (b) range scan data together with many correspondence mariess.
work was later expanded [Allen et al. 2003], to accommodiage t
Fig. 10. Physically-based Approaches: (a) gluteus maxiames medius large CAESER (Civilian American and European Surface Amthr

muscle models with the hip extension and flexion (based on FBMmker pometry Resource project) database of whole-body ranges sea
and Delp 2005]) and (b) subscapularis muscle model attathedapula sulting in a compelling system with several desirable fegtuMor-
bone model (based on FVM, [Teran et al. 2005]) phing by interpolating between registered scans or fittimpeel to

a sparse marker set are two significant outcomes of this igpofin
The technique also supported transferring texture, seirfiata or
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animation between models to correct scanning problemnes, thie
appearance, or to animate the characters. Multiple coecklpa-
rameters could be modified, such as a person’s weight or h@igh
statistically correct human shapes could be preserved \ocaily
modifying a character part, for example, lengthening an arm

Fig. 11. Data-driven approach: statistical model [Allele2003]

There are many steps involved in creating the reconstrueinol
parameterization of the CAESER data sets. Previous tegbsjq
which were used primarily on morphable face models, weredas
on cylindrical mappings that could not be adapted to a coxmple
branching object, like the complete human body. This wordus
an artist-generated template object together with a mngid-ri
registration technique to create a vertex correspondeateelen
a set of skin surfaces that have substantial variation ipeha
but a common overall human structure. An energy-minimizati
approach was used with a weighted sum error objective fomcti

Fig. 12. Data-driven approach: motion-capture [Park anddites 2008]

numerous simulation models which were developed to contus-
cle functions, producing realistic human movement. In galhe
the musculoskeletal system is modeled as a combinationreé th
sub-models: activation dynamics, contraction dynamicd,skele-
ton dynamics. Activation dynamics describe dynamic retatibe-
tween the neural excitation and muscle activation, whicbften
modeled using first order Ordinary Differential Equatio@DES)

as
da; Usj 1—u;
—Z =(uj—aj>(—J+—J) (3)
dt Tact,j Tdeact,j
whereu;, a;, Taet,j aNdTaeqct,; are the neural excitation, muscle
activation, activation time constant and deactivatiorettonstants
of musclej, respectively. Contraction dynamics relates muscle ac-

tivation to resulting muscle forces by taking into accouhys-
ological features of muscle, such as fiber arrangement asgivea

that combines distance to a template object, smoothness, an tissue properties. A Hill model is commonly used to modeltcam:

marker distance.

tion dynamics (see Section 2.5). Skeleton dynamics acsdont
the relationship between muscle forces, external comssraand

Seo and Thalmann [2003] presented a similar template-basedesulting skeletal motions:

system with additional tailoring parameters to generates, ne
instantly animatable, high-quality human forms, ideal flasshion
design. An alternate technigue uses many silhouettes froicea

M(a)a+c(a,q) +g(a) — S(@)fest = R(@)fn:  (4)
whereq, q, q are vectors of the generalized coordinates of joints,

stream instead of range scan data to formulate the humare shap velocity, and acceleration, respectively/(q) is the generalized

in a re-animatable form [Sand et al. 2003]. Anguelov et &0}
extended this work, focusing on representing muscle deftom
resulting from articulated body motion, to perform Shapenpte-
tion and Animation of People (SCAPE), by using separate isode
for pose deformation and for body shape variation. By delbogp
the skeleton (rigid) deformation from the muscle (nondjgi
deformation, the formulation, identification of the modahd the
efficiency of the learning algorithms are all improved. Ailiation

is that a single muscle deformation model is used for all fEop

inertia matrix, ¢(q, q) is the vector of generalized Coriolis and
centrifugal forces andy(q) is the vector of the generalized
gravitational forcesS(q) and R(q) denote the geometric trans-
formation matrices of the generalized external forcks;) and
musculotendon forced,(;) to the joint forces, respectively. Upon
generating skeletal motions using (4), driving muscle dsrc
can be computed using either manually-specified profiles., (e.
handcrafted curves [Chen and Zeltzer 1992], sinusoid [Tdi an
Terzopoulos 1994; Zordan et al. 2004], and key-framed con-

so that a more muscular person may not exhibit as much muscletrol [Teran et al. 2003]) or computationally-predicted ues of

deformation as they should.

Data-driven modeling of skin and muscle deformation was fur
ther refined by Park and Hodgins [2006; 2008] by modelingcstat
deformations, as a function of skeleton pose, and dynanfar-de
mations, as a function of the acceleration of each body part.
imated motions of an actor were captured using a high density
350 markers, while performing slow motions and then fasionst
The two classes of deformation were then modeled and newaanim
tions could be generated from more typical marker count$q 40
markers) in additional motion-capture sessions. Althotldgé ap-
proach still has the limitation of being skeleton-driver @oes not
express muscle motion without joint angle changes, it doedyze
very high quality results.

4. CONTROL AND SIMULATION

While Section 3 examined various approaches proposed te-rep
sent deformable behavior of skeletal muscles, this sectoiews

muscle activation (e.g., [Tsang et al. 2005; Lee and Tenzioso
2006; Sueda et al. 2008]). In biomechanics, the computaifon
muscle functions has been systematically studied throlgginaus
experiments, and a variety of simulation models have beeelde
oped and validated against experimental data. As the ceihple
of desired motion increases or more realistic represemtstare
required in human animation, the usage of these simulatimtets
becomes more advantageous due to their reliability, ctemsiy,
and accuracy.

However, determination of muscle functions is challendieg
cause it is complicated by the high redundancy of the humast mu
cle system: the number of contributing muscles is greatar the
number of degrees of freedom specifying skeletal motioag-e
ing to an underdetermined problem. This problem is oftemesbl
by using optimization approaches, which are generallystias
into static and dynamic optimization. They are generallyrio-
lated into finite, constrained, and nonlinear optimizadiai the
control parameterization, which are commonly solved byuseg
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tial quadratic programming methods [Nocedal and Wright6200
We briefly describe below these two optimization approachres
review simulation models based on them.

4.1 Static optimization

Static optimization (also referred to as inverse dynaniass non-
invasive measurements of body motions, such as posititocite
acceleration, and external loads, as inputs to (4) to caiemhuscle
forces (see Figure 13). An instantaneous motion of the gkelat
each time instant is translated into algebraic equatiomgioh de-
sired criteria are specified as a set of constraints @.4..F,.: <
F™a®) or objective functions. As an objective function, minimiz
ing total muscle force or activation amplitude [Crowniredtliand
Brand 1981] is commonly adopted:

n F 2
_ mt,i

where F.,,; ; is the force applied by muscleat time instantt,
PCS A, isthe cross-sectional area of musglandn is the number
of muscles. In static optimization, as there is no dynamigede
dency between muscle forces at different time instants tirte-
gration is not necessary, which makes the problem computty
simpler. However, itis difficult to integrate muscle physigy (e.g.,
excitation and activation dynamics) and the objective efriotor
tasks (e.g., maximum height jumping). Furthermore, it&ditgl is
highly dependent on the accuracy of the experimental measnt
of motions.

Komura et al. [1997; 2000] computed muscle activation from
key-framed postures of human lower extremities while minim
ing total torque changes and activation amplitude. Thedehwas
further extended to consider some physiological featigash as
muscle fatigue and injury [Komura et al. 2000]. Tsang et200p]

()

each time interval. Sueda et al. [2008] presented a muscuon
simulation of a human hand, in which behaviors of muscles and
tendons are governed by spline-based strand dynamics ipee F
14(a)). The strand dynamics are formulated by coupling teusc
contraction and constraint forces based on routing of neusct
tendons. The optimal muscle activation is computed witipees

to minimized total activation and proper damping.

(b)

Fig. 14. Static optimization: (a) musculotendon simulaticfor
hand ([Sueda et al. 2008]) and (b) neuromuscular simuldtiohead and
neck ([Lee and Terzopoulos 2006])

4.2 Dynamic optimization

Dynamic optimization (also referred to as forward dynamiss
generally formulated by combining (1), (3) and (4), takingstle

presented a musculotendon model of the human hand and fore-excitation as inputs to produce body motion and then deténgi

arm. Their model features both inverse and forward sinutati
Given motion capture data or key-framed animation, an cgitim
set of muscle activations is determined using the statiomiga-
tion method and then taken as input to forward simulate theéeino
to achieve the desired pose or motion. Their optimizatidreca
are formulated based on the minimization of the kinematiorer

the optimal excitation trajectory while satisfying perfaance crite-
ria (see Figure 15). While static optimization only accaufiotr each
time instant, dynamic optimization considers the entirextian of
movement, requiring the time integration of (4). Thus, dyi@op-
timization is much more computationally expensive thaticstsp-
timization. However, in contrast to static optimizatiomypiolog-

between computed and measured motion, and the total ambunt oical, and time-dependent properties can be incorporattst, Ae-

muscle contraction. Lee and Terzopoulos [2006] proposéerarh

sired motor tasks can be formulated as performance critsuizh

chical approach to simulate the head and neck system (see Figas minimum-time kicking [Hatze 1976], maximum-height jump

ure 14(b)), which is controlled by a higher-level voluntayb-
controller and a lower-level reflex sub-controller. The urdghry
controller generates feedfoward neural signals with retsyzethe
desired pose, muscle tone (i.e., stiffness), and feedtsiok based
on monitored current motion. Upon their receipt, the refler-c
troller determines activation and co-activation of musgcland
modulates strain and strain rate of muscles in responseeio th
current state. An artificial neural network is employed todelo
these voluntary controllers and they are trained offlinerexpm-
pute feedforward signal functions of the target pose. ThB@ach

ing [Pandy et al. 1990], and maximum-distance throwing [bard
and Alaways 1989]. Anderson and Pandy [2001a; 2001b] eregdloy
the minimization of metabolic energy expenditure [Umbergeal.
2003] per unit distance which is assumed to characterizeahum
gait during normal walking. Anderson and Pandy [2001b] stbw
that static optimization and dynamic optimization lead irbually
similar results in predicting muscle forces and joint cehfarces
during normal human walking. They argued that this sinmyais
because minimizing muscle fatigue at each time instantughty
the same as minimizing metabolic energy expended per wsit di

was extended to simulate a complete human upper body by inte-tance traveled over the complete gait cycle. Also, they tedin
grating trunk and arm models [Lee et al. 2009]. As well as the out that physiological properties, such as the force-lenglocity

muscle-based skeletal dynamics, a physics-based saft tssu-
lator was incorporated to represent realistic flesh defoomalur-

ing body movement. Kim et al. [2006] optimized several motio
tasks based on the hypothesis that total energy consumgion
erns human motion. The energy is described as the heat gethera
by muscle and formulated in joint space. Optimal joint kirio
profiles are computed while minimizing total energy expehde

properties of muscle and activation dynamics, had littfuence
on static optimization.

5. DISCUSSION AND CONCLUSION

We have reviewed a variety of approaches for modeling muscle
deformation and simulation of muscle functions. For maugli
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Fig. 13. Static optimization (or inverse dynamics) pipelilBBody motions are prescribed as inputs and optimal muscted$ are determined as out-

puts (Adapted from [Zajac and Gordon 1989]).

Musculoskeletal
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Musculotendon
Dynamics

Ol o-

Skeletal
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DYNAMIC OPTIMIZATION

Fig. 15. Dynamic optimization (or forward dynamics) pipeli muscle excitation is prescribed as inputs and the negukeletal motion is used to determine

optimal excitation (adapted from [Zajac and Gordon 1989]).

muscle deformation, geometrically-based approachesajpeevin
early work because of their simplicity and efficiency. Altigh
these techniques produce results that have limited accwnad
realism, they may still be appropriate solutions for sona-tiene
applications, in that they provide intuitive and easy colstfor de-
signers to produce animations. On the other hand, phygibaled
approaches augmented with biomechanical and physiologica
considerations provide a high degree of visual quality ardiacy

in modeling muscles. Despite high computational demarsy t
feasibility in applications continues to expand thanks artp
to increasing computing power. Data-driven muscle and skin
deformation modeling has advanced significantly in recesatry.
Only a few components in addition to those proposed by Patk an
Hodgins [2008] are still needed to produce a complete sysbem
computer graphics applications. Isometric muscle effegtsout
joint-angle changes is still an outstanding problem asesathility

to drive existing models from new actors, which was avadabl
in other previous works. We are optimistic that, for the msgs

of computer animation, a complete system can be createdsthat
entirely data-driven.

For simulation of muscles, we have reviewed static and dymam
optimization, which can be viewed as complementary appesc
If external forces and body motions can be accurately medsur
static optimization is preferred because it provides atpralcand
computationally efficient solution for estimating musclerdes.
On the other hand, dynamic optimization offers a more rédiab
and stable solution. Also, if time-dependent performanieria
must be considered (e.g., maximum-height jumping) or ifaime
is to investigate the influence of musculoskeletal strigstum the
function and performance of a motor task, dynamic optinzat
must be used.

While significant progress has been made to date, thereitire st
many issues for future work. We offer some suggestions which

could be helpful for enhancing visual realism and accuracy i
modeling muscle and ultimately the complete human.

Firstly, many researchers have focused primarily on model-
ing muscles with simple internal architecture (e.g., gatand
fusiform) rather than complex pennate muscles. Moreougs; s
gested muscle models are often oversimplified by neglecting
nonuniformity and irregularity that is clearly present hetarchi-
tecture of real muscle specimens. The reason for this mayée d
to the limited availability of data and unknown physiolagjiprop-
erties. However, in order to enhance anatomical and plogiil
accuracy, this complexity must be considered. Some ingas$¢
sessment techniques, such as those proposed by Agur €d@3] [2
and Wu et al. [2007], could be incorporated (see Figure b&ad+
dition to accurate reconstruction of muscle morphologg, éffect
of complex muscle structure on muscle deformation and plygi
ical functions needs to be studied further. Validation agleéxper-
imental measurements should be attempted.

(b)

Fig. 16. Digitization and reconstruction of muscle fibeey:gagitally dis-
sected ECRB muscle and (b) reconstruction of muscle fibéng atgitza-
tion ([Wu et al. 2007])

Secondly, there is a need to solve contact problems which
occur in muscle groups or between muscles and the underlying
skeleton. This problem has been largely overlooked in previ
approaches which have presented models for the simulafian o
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single muscle in isolation or simple muscle-skeleton dyicam

Some researchers (e.g.,[Lee and Terzopoulos 2006; Lee. et al

2009]) have used multiple muscles to coordinate body mowésne
but they did not address the issues associated with callisio
contact between muscles. This is a crucial omission, singst m
of our muscle systems, such as biceps, triceps, and qupsrice
are grouped together and intertwined. Furthermore, folist&a
modeling and accurate simulation of body movement, a swiuti
to the contact problem within muscle groups would produce a
significant advancement in this area.

Thirdly, biomechanics-based techniques could enhanagalis
realism and accuracy of controls in human animation. In lelom

11

ALLEN, B., CURLESS B., AND PoPOVIC, Z. 2003. The space of human

body shapes: reconstruction and parameterization frogeranans. In
SIGGRAPH '03: ACM SIGGRAPH 2003 PapefsCM, New York, NY,
USA, 587-594.

ANDERSON F. C.AND PANDY, M. G. 2001a. Dynamic optimization of

human walking.Journal of Biomechanical Engineering 128,381-390.

ANDERSON F. C.AND PANDY, M. G. 2001b. Static and dynamic opti-

mization solutions for gait are practically equivaledournal of Biome-
chanics 342, 153-161.

ANGUELOV, D., SRINIVASAN, P., KOLLER, D., THRUN, S., RODGERS

J.,AND DAvIs, J. 2005. Scape: shape completion and animation of peo-
ple. ACM Trans. Graph. 243, 408-416.

Chanicsl Significant progress has been made in unders@ndin AUBEL, A. AND THALMAN.N ,D.2001. Interactiye rriodeling of the human
human movements through rigorous data capture and analysis Musculature. IProceedings of Computer Animatiat25-135.

Recently, some simulation models have been introducetode
more accurate, realistic, and automated controls for retisated
animations [Komura et al. 2000; Tsang et al. 2005; Lee and
Terzopoulos 2006; Lee et al. 2009]. They have shown that the
inclusion of biomechanical approaches can produce mong a@tec
and realistic human models. This work is promising for vasio
applications, such as ergonomics and medicine. Howevemdbi
chanical models are often too computationally expensiveise in
graphics applications. Some simplification or approxiomatnay

be needed to obtain the efficiency needed for graphics aioiics.

Lastly, some physiological considerations could provide a
ditional expressive controls in human modeling. For exampl
animation of human walking could be varied by specifying
physiological or pathological effects, such as fatiguejciwhs
related to the calcium level inside muscles. Also, restictof
activation range of certain muscles or muscle fibers coulddeel
to model muscle related injury or disease. Although they can
be manually controlled [Tsang et al. 2005], simulation aggai
external loads could yield promising results, which coule b
useful not only for video games, but also for ergonomics and
rehabilitation applications.

Ultimately, a unified model, scalable from visually reatist
interactive systems to highly accurate offline patienteffiediag-
nostics systems, is the holy grail of this research arealéMmich
still needs to be learned about detailed muscle architechwman
variation, and human muscle coordination strategies, rpesgis
being made both in computer graphics research and biomieshan
research. We believe that more extensive collaboratiowemst
these research communities will result in great advancesnen
towards a unified model.

REFERENCES

ACKERMAN, M. 1998. The visible human project. Rroc. IEEE Vol. 86.
504-511.

AGUR, A. M., NG-THOW-HING, V., BALL, K. A., FIUME, E.,AND McC-
KEE, N. H. 2003. Documentation and three-dimensional modglih
human soleus muscle architectutginical Anatomy 164, 285-293.

ALBRECHT, |., HABER, J.,AND SEIDEL, H.-P. 2003. Construction and an-
imation of anatomically based human hand modelS@A '03: Proceed-
ings of the 2003 ACM SIGGRAPH/Eurographics symposium on-Com
puter animation Eurographics Association, Aire-la-Ville, Switzerland,
Switzerland, 98-109.

ALLEN, B., CURLESS B., AND POPOVIC, Z. 2002. Articulated body de-
formation from range scan datACM Trans. Graph. 213, 612—619.

BADLER, N. |I. AND SMOLIAR, S. W. 1979. Digital representations of
human movementACM Comput. Surv. 111, 19-38.

BLEMKER, S. S.AND DELP, S. L. 2005. Three-dimensional representation
of complex muscle architectures and geometri@anals of Biomedical
Engineering 335, 661-673.

BLINN, J. F. 1982. A generalization of algebraic surface drawiAGM
Trans. Graph. 13, 235-256.

BLOOMENTHAL, J.AND SHOEMAKE, K. 1991. Convolution surfaces. In
SIGGRAPH Computer Graphic251-256.

CANI-GASCUEL, M.-P. AND DESBRUN, M. 1997. Animation of de-
formable models using implicit surfacedEEE Transactions on Visu-
alization and Computer Graphics 3, 39-50.

CHADWICK, J. E., HAUMANN, D. R.,AND PARENT, R. E. 1989. Layered
construction for deformable animated charactersSIBGRAPH Com-
puter Graphics 243—-252.

CHEN, D. T.AND ZELTZER, D. 1992. Pump it up: computer animation of a
biomechanically based model of muscle using the finite efemethod.

In SIGGRAPH Computer Graphic89-98.

CROWNINSHIELD, R. AND BRAND, R. 1981. A physiologically based
criterion of muscle force prediction in locomotionlournal of Biome-
chanics 1411, 793-801.

Dow, E. AND SEMWAL, S. 1993. A framework for modeling the human
muscle and bone shapes.Rmoceedings of the Third International Con-
ference on CAD and Computer Graphid40-113.

GASSER H. AND HiLL, A. 1924. The dynamics of mucular contraction.
In Royal Society of London Proceedin@98-437.

GIBSON, S. F. FAND MIRTICH, B. 1997. A survey of deformable model-
ing in computer graphics. Tech. rep., Mitsubishi ElectriesBarch Lab-
oratories.

GIELEN, A. W. J., OOMENS, C. W. J., BOVENDEERD, P. H. M., ARTS,
T., AND JANSSEN, J. D. 2000. A finite element approach for skele-
tal muscle using a distributed moment model of contracti@emputer
Methods in Biomechanics and Biomedical Engineering, 231-244.

HATZzE, H. 1976. The complete optimization of a human motidfathe-
matical Biosciences 28-2, 99-135.

HIROTA, G., HSHER, S., SIATE, A., LEE, C.,AND FUCHS, H. 2001. An
implicit finite element method for elastic solids in contatit Computer
Animation

HUBBARD, M. AND ALAWAYS, L. 1989. Rapid and accurate estimation of
release conditions in the javelin throdournal of Biomechanics 287,
583-595.

HUXLEY, A. F. 1957. Muscle structure and theories of contraction.
Progress in Biophysics and Biophysical Chemistr255-318.

HuxLEY, A. F. AND SIMMONS, R. M. 1971. Proposed mechanism of
force generation in striated musciature 233 533-538.

ACM Transactions on Graphics, Vol. 28, No. 4, Article 106pReation date: January 2010.



12 . Dongwoon Lee et al.

JONES, D., HAAN, A. D., AND ROUND, J. 2004.Skeletal Muscle — Form
and Function Churchill Livingstone.

Kim, J. H., ABDEL-MALEK, K., YANG, J.,AND MARLER, R. T. 2006.
Prediction and analysis of human motion dynamics perfogniarious
tasks. International Journal of Human Factors Modelling and Siarul
tion 1,1, 69-94.

KLISCHAB, S. M. AND LOTzA, J. C. 1999. Application of a fiber-
reinforced continuum theory to multiple deformations of #mnulus fi-
brosus.Journal of Biomechanics 320, 1027-1036.

KOMATsU, K. 1988. Human skin model capable of natural shape vanatio
The Visual Computer §, 265-271.

KOMURA, T., SHINAGAWA, Y., AND KuUNII, T. 1997. A muscle-based
feed-forward controller of the human bodyComputer Graphics Fo-
rum 16,3, C165-C176.

KOMURA, T., SHINAGAWA, Y., AND KUNII, T. 2000. Creating and retar-
getting motion by the musculoskeletal human body modéie Visual
Computer 165, 254-270.

LEE, S.-H., SFAKIS, E.,AND TERZOPOULOS D. 2009. Comprehensive
biomechanical modeling and simulation of the upper bo&$M Trans.
Graph. 284, 1-17.

LEE, S.-H.AND TERzOPOULOS D. 2006. Heads up!: biomechanical
modeling and neuromuscular control of the neck. SIBGGRAPH Com-
puter Graphics1188-1198.

LEE, Y., TERZOPOULOSD.,AND WALTERS, K. 1995. Realistic modeling
for facial animation. IrSIGGRAPH Computer Graphic§5-62.

LEMOS, R., EPSTEIN, M., HERZOG, W., AND WYVILL , B. 2001. Realis-
tic skeletal muscle deformation using finite element anslya Proceed-
ings of the XIV Brazilian Symposium on Computer Graphics lamabe
Processing192-199.

LEVEQUE, R. J. 2002.Finite Volume Methods for Hyperbolic Problems
Cambridge University Press.

LEwiS, J. P., ®RDNER, M., AND FONG, N. 2000. Pose space deforma-
tion: a unified approach to shape interpolation and skeldtiven defor-
mation. INnSIGGRAPH '00: Proceedings of the 27th annual conference
on Computer graphics and interactive techniqud€M Press/Addison-
Wesley Publishing Co., New York, NY, USA, 165-172.

MA, Y.-Y., ZHANG, H., AND JIANG, S.-W. 2004. Realistic modeling
and animation of human body based on scanned dat&€omput. Sci.
Technol. 194, 529-537.

MAGNENAT-THALMANN , N. 1985.Computer animation: theory and prac-
tice. Springer-Verlag New York, Inc., New York, NY, USA.

MIN, K.-H., BAEK, S.-M., LEE, G., CHol, H.,AND PARK, C.-M. 2000.
Anatomically-based modeling and animation of human upipeos. In
Proceedings of International Conference on Human Modeding Ani-
mation

MOCCOZET, L. AND THALMANN , N. M. 1997. Dirichlet free-form defor-
mations and their application to hand simulationCix '97: Proceedings
of the Computer AnimationEEE Computer Society, Washington, DC,
USA, 93.

MOONEY, M. 1940. A theory of large elastic deformationlournal of
Applied Physics 1,1582-592.

NEALEN, A., MUELLER, M., KEISER, R., BOXERMAN, E.,AND CARL-
SON, M. 2006. Physically based deformable models in computeplgr
ics. Computer Graphics Forum 28, (December), 809-836.

NEDEL, L. P.AND THALMANN , D. 1998. Real time muscle deformations
using mass-spring systems. Pmoceedings of Computer Graphics Inter-
national IEEE.

NG-THOW-HING, V. 2001. Anatomically-based models for physical and
geometric reconstruction of humans and other animals. RheBis, Uni-
versity of Toronto, Toronto, Canada.

NG-THOW-HING, V. AND FIUME, E. 1999. B-spline solids as physical and
geometric muscle models for musculoskeletal system®Priceedings
of the VIIth International Symposium of Computer SimutatioBiome-
chanics 68-71.

NOCEDAL, J. AND WRIGHT, S. J. 2006. Numerical Optimization
Springer-Verlag.

OOMENS, C. W. J., MAENHOUT, M., OIJEN, C. H.v., DROST, M. R.,
AND BAAIJENS, F. P. 2003. Finite element modelling of contracting
skeletal muscle.Philosophical Transactions: Biological Sciences 358
1453-1460.

PANDY, M. G., ZAJAC, F. E., SM, E.,AND LEVINE, W. S. 1990. An
optimal control model for maximum-height human jumpirtpurnal of
biomechanics 231185-1198.

PARK, S. I. AND HODGINS, J. K. 2006. Capturing and animating skin
deformation in human motiorACM Trans. Graph. 253, 881-889.

PARK, S. |1.AND HODGINS, J. K. 2008. Data-driven modeling of skin and
muscle deformationACM Trans. Graph. 273, 1-6.

PRESS W. H., FLANNERY, B. P., TEUKOLSKY, S. A.,AND VETTERLING,
W. T. 1992. Numerical Recipes in C: The Art of Scientific Computing
Cambridge University Press.

SAND, P., MCMILLAN, L., AND PopPoViIC, J. 2003. Continuous capture
of skin deformation ACM Trans. Graph. 223, 578-586.

SCHEEPERSF., FARENT, R. E., CARLSON, W. E.,AND MAY, S. F. 1997.
Anatomy-based modeling of the human musculature. SIBGRAPH
Computer Graphicsl63-172.

SEO, H. AND MAGNENAT-THALMANN , N. 2003. An automatic modeling
of human bodies from sizing parameters.I3D '03: Proceedings of the
2003 symposium on Interactive 3D graphid€M, New York, NY, USA,
19-26.

SINGH, K. AND FIUME, E. 1998. Wires: a geometric deformation tech-
nigue. INnSIGGRAPH '98: Proceedings of the 25th annual conference
on Computer graphics and interactive techniqud€M, New York, NY,
USA, 405-414.

SLOAN, P.-P. J., BSE IlI, C. F., AND COHEN, M. F. 2001. Shape by
example. In3D '01: Proceedings of the 2001 symposium on Interactive
3D graphics ACM, New York, NY, USA, 135-143.

STERN, J. T. 1974. Computer modelling of gross muscle dynamiosir-
nal of biomechanics A, 411-28.

STRANG, G.AND Fix, G. 2008.An Analysis of the Finite Element Method
2nd Edition Wellesley-Cambridge.

SUEDA, S., KAUFMAN, A., AND PaI, D. K. 2008. Musculotendon simu-
lation for hand animationACM Trans. Graph. 273, 1-8.

TANG, C., ZHANG, G.,AND Tsul, C. 2009. A 3d skeletal muscle model
coupled with active contraction of muscle fibres and hypetet be-
haviour. Journal of biomechanics 47, 865-872.

TERAN, J., BLEMKER, S., HNG, V. N. T., AND FEDKIW, R. 2003. Fi-
nite volume methods for the simulation of skeletal muscieSCA '03:
Proceedings of the 2003 ACM SIGGRAPH/Eurographics syraposi
Computer animation68-74.

TERAN, J., SFAKIS, E., BLEMKER, S. S., Ns-THOW-HING, V., LAU,
C., AND FEDKIW, R. 2005. Creating and simulating skeletal muscle
from the visible human data seEEE Transactions on Visualization and
Computer Graphics 113, 317-328.

THALMANN, D., SHEN, J.,AND CHAUVINEAU, E. 1996. Fast realistic
human body deformations for animation and vr applications. CGI
'96: Proceedings of the 1996 Conference on Computer Graphmiter-
national 166-174.

TSANG, W., SINGH, K., AND FIUME, E. 2005. Helping hand: an anatomi-
cally accurate inverse dynamics solution for unconstdhimend motion.

In SCA '05: Proceedings of the 2005 ACM SIGGRAPH/Eurographics
symposium on Computer animatic@19-328.

ACM Transactions on Graphics, Vol. 28, No. 4, Article 106pReation date: January 2010.



A Survey of Modeling and Simulation of Skeletal Muscle . 13

Tu, X. AND TERZOPOULOS D. 1994. Artificial fishes: physics, locomo-
tion, perception, behavior. IBIGGRAPH Computer Graphic43-50.

UMBERGER, B. R., GERRITSEN K. G. M., AND MARTIN, P. E. 2003.
A model of human muscle energy expenditur€omputer Methods in
Biomechanics and Biomedical Engineering?699-111.

VERONDA, D. AND WESTMANN, R. 1970. Mechanical characterization
of skin-finite deformationsJournal of biomechanics 3, 111-124.

WILHELMS, J. 1997. Animals with anatomy.|[EEE Comput. Graph.
Appl. 17,3, 22-30.

WILHELMS, J.AND VAN GELDER, A. 1997. Anatomically based model-
ing. In SIGGRAPH Computer Graphic&73-180.

Wu, F. T., NG-THOW-HING, V., SINGH, K., AGUR, A. M., AND McC-
KEE, N. H. 2007. Computational representation of the aponesras
nurbs surfaces in 3d musculoskeletal mode@omputer Methods and
Programs in Biomedicine 88, 112-122.

WyviLL, B.AND WyvViILL , G. 1989. Field functions for implicit surfaces.
The Visual Computer 3,-2, 75-82.

YUCEsoOY, C. A., KOOPMAN, B. H., HUIJING, P. A.,AND GROOTEN-
BOER, H. J. 2002. Three-dimensional finite element modeling efesk
tal muscle using a two-domain approach: linked fiber-matrésh model.
Journal of biomechanics 39, 1253-1262.

ZAHALAK , G. |. 1981. A distribution-moment approximation for kiioet
theories of muscular contractioMathematical Biosciences 552, 89—
114.

ZAJAC, F. E. 1989. Muscle and tendon: properties, models, scalimgjap-
plication to biomechanics and motor contrGiiit Rev Biomed Eng 174,
359-411.

ZAJAC, F. E.AND GORDON, M. 1989. Determining muscle’s force and
action in multi-articular movement.Exercise and Sport Sciences Re-
views 17 187-230.

ZHU, Q.-H., CHEN, Y., AND KAUFMAN, A. 2001. Real-time
biomechanically-based muscle volume deformation usimg @&omputer
Graphics Forum 173 (Dec.), 275-284.

ZORDAN, V. B., CELLY, B., CHIU, B., AND DILORENZO, P. C. 2004.
Breathe easy: model and control of simulated respiratiorafimation.
In SCA '04: Proceedings of the 2004 ACM SIGGRAPH/Eurographics
symposium on Computer animatic9—-37.

ACM Transactions on Graphics, Vol. 28, No. 4, Article 106pReation date: January 2010.



