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Summary Modeling of tissue deformation is of great importance to virtual reality (VR)-
based medical simulations. Considerable effort has been dedicated to the develop-
ment of interactively deformable virtual tissues. In this paper, an efficient and scalable
deformable model is presented for virtual-reality-based medical applications. It
considers deformation as a localized force transmittal process which is governed by
algorithms based on breadth-first search (BFS). The computational speed is scalable to
facilitate real-time interaction by adjusting the penetration depth. Simulated anneal-
ing (SA) algorithms are developed to optimize the model parameters by using the
reference data generated with the linear static finite element method (FEM). The
mechanical behavior and timing performance of the model have been evaluated. The
model has been applied to simulate the typical behavior of living tissues and aniso-
tropic materials. Integration with a haptic device has also been achieved on a generic
personal computer (PC) platform. The proposed technique provides a feasible solution
for VR-based medical simulations and has the potential for multi-user collaborative

work in virtual environment.
© 2004 Elsevier B.V. All rights reserved.

1. Introduction

Despite the rapid technological advance in medi-
cine, the effectiveness and safety of conventional
medical practices have been questioned. Patients
may undergo potentially hazardous medical proce-
dures or become living subjects of interest for
medical learning. For example, diagnosis using opti-
cal endoscopy may cause perforations, or even
bleeding due to injury to blood vessels, or lead to
complications associated with medications such as
sedatives. In medical education, it has been con-
troversial that surgical training performed on
patients is risky and any errors may jeopardize their

" Corresponding author. Tel.: +852-2609-8440;
fax: +852-2603-5302.
E-mail address: kschoi1@cse.cuhk.edu.hk (K.-S. Choi).

health. Substitutes such as animals or cadavers, in
some occasions, may replace human body but their
properties are by no means equivalent to a living
human, not to mention other issues concerning cost
effectiveness, availability of cadavers and animal
rights. The dependence of the training on patients
may also hinder the learning efficiency. Availability
and variety of the cases directly influence the accu-
mulation of hands-on experience. It takes many
years for a novice to gain enough exposure before
becoming experienced, or for a medical doctor to
become a specialist. In addition, the learning pro-
cess relies on experienced physicians to teach
novices by demonstrating the craft of medical pro-
cedures, and in the meantime, conveying important
details and issues verbally. This approach is indis-
pensable in medical training but if more self-learn-
ing opportunities are also provided, the novices can
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speed up the learning curve and enhance their
confidence and the ability to make independent
judgement and decision.

Virtual reality (VR)-based medical simulations
has emerged as a promising methodology to further
improve the conventional medical practices. The
goal is to allow medical procedures, diagnosis or
planning to be performed in cyberspace as if carry-
ing out in reality. VR has been widely applied to
endoscopic simulations. For instance, virtual colo-
noscopy has enabled the interactive visualization of
interior colon and polyp detection in virtual envir-
onment using computed tomography (CT) data
[1,2]. Potential risk of hypoxia due to severe airway
constriction during clinical bronchoscopic diagnosis
can be avoided by virtual bronchoscopy [3]. Cost
effective surgical training involving such operations
as cutting, suturing and injection in gynecological
laparoscopy has been achieved with a VR-based
system [4]. Virtual training of bile duct exploration
for the search of gallstones during endoscopic cho-
lecystectomy has also been realized [5]. Perfor-
mance of novices in laryngoscopic procedures has
been evaluated quantitatively and compared with
expert skills, thereby providing guidance for
improvement [6]. In other medical applications,
training of direct rectal examination for prostate
cancer diagnosis has been performed by using vir-
tual finger and prostate model [7]. In Chinese med-
icine, VR-based acupuncture training system has
been developed recently to simulate the needle
manipulation procedures with realistic force feed-
back [8]. Further examples also include the model-
ing of eyeball for surgical simulation [9,10], and the
reconstruction of skull and face for planning cra-
niofacial surgery [11,12]. Results of all these
research work demonstrate the potential of apply-
ing VR technologies to improve and transform tradi-
tional practices in medicine.

Nevertheless, the requirements associated with
the realization of realistic and immersive virtual
environments are demanding. A major difficulty is
to satisfy the two conflicting requirements—virtual
realism and real-time interactions. First, virtual
tissues have to respond to user’s manipulations in
a physically realistic manner as if possessing the
true mechanical behavior of real tissues. Physical
realism is determined by the accuracy of the under-
lying deformable model. Because of the compli-
cated tissue mechanics, comprehensive modeling
is necessarily computation-expensive. On the other
hand, realistic feedbacks should be provided during
the human-computer interactions in virtual envir-
onments. Visual and haptic feedback are two pri-
mary perception channels, requiring high refresh
rates of 30 and 1000 Hz, respectively, for producing

natural feelings [13]. Computationally efficient
deformable models are thus needed to generate
such feedbacks in real-time. Furthermore, hard-
ware requirements such as visual displays for creat-
ing stereoscopic vision, force feedback devices for
generating realistic sense of touch, motion tracking
sensors for registering body movement, and user
interfaces for mimicking real medical instruments
are all important to immersive virtual environ-
ments.

The purpose of this paper is two-fold. First, an
efficient physically-based deformable model is pre-
sented for the development of VR-based medical
simulation system. The idea is to consider deforma-
tion microscopically as a process of force transmit-
tal among the constituting mass points. Search
algorithms are developed to determine the order
of propagation and to control the scalability of the
simulation. Haptic feedback is incorporated into the
model with a generic personal computer (PC). Sec-
ond, an artificial intelligence (Al) technique is
developed to identify the parameters of the pro-
posed deformable model. It is achieved by optimiz-
ing the parameters such that the resulting
deformation approximates the reference data gen-
erated by the linear static finite element method
(FEM).

1.1. Deformable models

An overview of the common deformable simulation
techniques is presented in this section. It includes
the geometric free-form deformation and the two
widely used physics-based techniques—the mass-
spring model (MSM) and the finite element method.

1.1.1. Free-form deformation

Early efforts in deformable modeling employ purely
geometric techniques without considering the phy-
sical properties of materials. A typical example of
this type of non-physics-based technique is the free-
from deformation (FFD). It embeds deformable
objects in a parallelepiped lattice of control points
which are manipulated to deform the surrounding
space and induce deformations on the embedded
objects [14]. FFD is a tedious approach since explicit
specifications of the desired deformations are
always needed. Knowledge about the correlation
between movements of control points and the cor-
responding changes in the shape of the embedded
objects is required. Hence, FFD is a not suitable for
VR-based medical applications.

1.1.2. Mass-spring model
In the mass-spring model, deformable objects are
discretized into a system of mass points connected
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by springs. Deformation is simulated by the
dynamics of the mass points and springs. This
approach is easy to implement but involves the
formulation of stiffness matrices. For an objected
modeled by a mass-spring system containing n
nodes, the displacement u®*" and velocity vt of
the nodes at the next time-step t + h are evaluated
by numerical integration using the backward Euler
method as follows [15]:

ut+h ut +Aut+h ut +hvt+h
yt+th = VtJrAVHh = Vt+th1ft+h

(1)
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M= R M,‘ = 0 m;j 0
’ 0 0 m
0 M,

2)
where h is the simulation time-step, the position,
velocity, force and mass of the node i are denoted
by u;,v;, f; and m;, respectively. The vectors u, v
and f are of size 3n x 1, and the mass matrix of the
system M is a 3n x 3n matrix. The simulated shape
of the deformed object is thus represented by the
updated nodal displacement u**". It is evident from
Eq. (1) that the determination of u®*" is reduced to
the evaluation of the nodal velocity change
Avith — hM‘1ft+h, where the force vector at the
next time-step fi*" is approximated by using the
Taylor series expansion [15]. Hence, to simulate the
deformation of the system, it is necessary to solve
the matrix equation for Av*" first. It involves the
calculation of the inverse matrix, which is usually
computation-intensive and calls for numerical tech-
niques such as the conjugate gradient method to
reduce the number of operations involved. On the
other hand, the system of differential equations
that govern the model dynamics should satisfy some
criterions [4] in order to prevent from numerical
instability.

1.1.3. Finite element method

The idea of applying the finite element method for
deformable simulation is to model the mechanical
properties, namely the stress—strain relationship,
of an object by decomposing it into a nhumber of
elements. The deformation of the entire object is
then represented by the displacement of the nodes

in each individual element. Interpolation of the
nodal displacements using shape functions is per-
formed to model the continuous variation in dis-
placement within each element. While being
relatively more accurate, FEM is computationally
intensive and therefore not suitable for interactive
applications although some mathematical techni-
ques such as condensation [16] and modal analysis
[17] have been proposed to accelerate numerical
computations. Further discussion on the finite ele-
ment will be given later in Section 3.2.2.

In this paper, a mass-spring-based deformable
simulation system is presented. The system is based
on the force transmittal mechanism which consid-
ers deformation as a force propagation process
among the mass points in an ordered manner
[18]. It avoids the laborious matrix formulations
in conventional MSM and the computation is scal-
able simply by controlling the extent of force pro-
pagation. A similar approach has been presented by
Brown et al. [19], in which a quasi-static algorithm
has been also presented to simplify the computa-
tions when the deformation process is so slow that
the system can be assumed to be in static equili-
brium at each instant. Whenever this assumption is
invalid, it reverts to the classical numerical inte-
gration techniques.

1.2. Al in VR-based medical applications

The development of VR-based medical application
has been benefited from the artificial intelligence
techniques. In a recent work by Radetzky and Niirn-
berger [20], a patient-specific surgical simulator has
been developed. The virtual tissue models are gen-
erated from the magnetic resonance imaging (MRI)
datasets of patients and the tissue mechanics are
simulated by a viscoelastic deformable model. Al
comes into play in the identification of the para-
meters of the deformable model. An artificial
neural network model is utilized to approximate
the underlying mass-spring model for real tissues.
A neuro-fuzzy system has been developed to enable
the definition of the model parameters based on a
linguistic description to the tissue characteristics.
The developed learning algorithms also enable the
system to learn the deformation behavior from the
measured data of real tissues or reference data
generated by a physically more accurate deform-
able model.

Besides, a novel VR-based surgical planning sys-
tem has been proposed by Serenson et al. [21]. It
enables pre-operative planning of cardiac interven-
tions to be performed in a highly immersive virtual
environment with the aid of electromagnetic track-
ing devices and stereoscopic displays. To create
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three-dimensional heart models, MRI datasets are
segmented using a two-phase segmentation techni-
que with balloons and snakes. A contour-matching
algorithm is then applied to search for the similar
contours from the neighboring slices, followed by
the minimal weight triangulation (MWT) algorithm.

In our work, the force transmittal mechanism
employs the breadth-first search (BFS) algorithm
to identify the nodes to be involved in the deform-
able simulation, and also to determine the order of
force transmittal among the nodes. Furthermore, a
simulated annealing (SA) algorithm has been devel-
oped to identify the parameters of the deformable
model by heuristic optimization.

2. Modeling of soft tissues

Realism of deformable tissue simulation depends on
the accuracy of the underlying tissue models. Ide-
ally, it should enable the computer-generated
organs to reproduce the biomechanical behaviors
of real tissues. Unfortunately, the complexity of
tissues makes accurate modeling prohibitive. Micro-
scopically, human tissues are composed of various
biomaterials with different compositions and
arranged into different structures, thereby exhibit-
ing complicated mechanical characteristics when
studied from a macroscopic perspective. Given the
intricacies, attention is focused on linear elasticity
which is the dominant characteristic of tissues when
subjected to small deformations.

2.1. Mechanic properties of human tissues

Human tissues are viscoelastic in general, exhibiting
both elastic and viscous behavior when being
deformed, although their mechanical properties
may be further complicated by non-linearity, aniso-
tropy, plasticity, compressibility or inhomogeneity
due to compositional and structural variations. While
purely elastic material demonstrates simple linear
stress—strain relationship (also known as the consti-
tutive law), mechanical properties of viscoelastic
material is time-dependent, resulting in three phe-
nomena, namely creep, relaxation and hysteresis
[22]. Creep is the increase in strain with time under

constant stress, relaxation is the decrease in stress
under constant strain, and hysteresis refers to the
scenario when load is applied to and then removed
from a material, the stress—strain curve follows two
different paths and forms a loop. Nevertheless,
human tissues can be approximated as linear elastic
material during small deformation.

Elastin and collagen are two important constitu-
ents in living tissues. Elastin is a dominant compo-
nent of ligamentum nuchae and ligamentum flavum.
It is also found in arteries, veins, aorta, lung and
skin. Elastin is almost a purely linear elastic mate-
rial except the presence of small hysteresis loop in
the stress—strain curve. Collagen is a fibrous con-
nective tissue that is present as a basic structural
element in human tissues and organs. It dominates
the mechanical behaviors of tendon and fascia, and
also exists in bone, cartilage and skin. Young’s
modulus of collagen is about 10° times greater than
that of elastin, and thus less extensible [22].

2.2. Physical models

Rheological models have been used to depict the
time-dependent viscoelastic behaviors of tissues. In
these models, discrete mechanical devices such as
springs, dampers and sliders serve as ‘‘proxy’’ to
describe the behaviors. To model linear elasticity,
different combinations of linear springs and viscous
dampers are employed. The linear springs obey
Hooke’s law, whereas the viscous dampers generate
a resistance force proportional to velocity. Fig. 1
shows three conventional spring-damper configura-
tions—Maxwell, Voigt and Kelvin model. In prac-
tice, tissue is discretized appropriately into a
network of mass points (nodes) linked by springs
and dampers. These models are essentially dis-
crete, which reduce a three-dimensional (3D) model
to a network of mass points connected with one-
dimensional (1D) linear springs and dampers. An
obvious advantage of this type of model is that
the mathematical formulation is relatively simple,
despite being less accurate.

A superior approach for tissue modeling is to
employ continuum mechanics which considers tis-
sues as a continuum entity in the stress—strain ana-
lysis. For a linear elastic material, the constitutive
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Three conventional rheological models for analyzing viscoelasticity.
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law can be expressed using the generalized 3D
Hooke’s law in tensor form [23].

ojj = Zcijktskl (3)
Kl

In this equation, o;; and ¢, are the stress and strain
tensors of rank two, where subscript i, j, kand [ take
the values of 1, 2 or 3, denoting x, y and z axis,
respectively. The stress tensor ¢ contains six ele-
ments, representing tensile and shear stress com-
ponents associated with the three axes. Similarly,
the six elements in strain tensor ¢ are the corre-
sponding tensile and shear strain components.
Material stiffness is defined by the fourth-rank elas-
ticity tensor Cj;, which contains 36 elements, but
for linear isotropic material, it depends on two
parameters only, namely Young’s modulus and Pois-
son’s ratio. Based on Eq. (3), deformation can be
calculated numerically using FEM.

Modeling of the viscoelastic behavior is mathe-
matically more involved. Owing to the history
dependence of the mechanical effects, the
stress—strain relationship of viscoelastic material
is described by a time-dependent tensor equation.
By the Boltzmann superposition principle [24], the
constitutive law for a linear viscoelastic tissue is
expressed as

aij(t) :[ Ciju(t — 1) dggf(f)

However, in order to reduce computation com-
plexity in real-time interactive simulations, it is
generally accepted, as a first-order approximation,
to regard viscoelastic tissues as linear elastic solids
for the rationale that linear elasticity dominates
when tissues are subjected to quasi-static loading or
undergo small deformation.

dt (4)

2.3. Geometrical models

Geometrical models of virtual anatomical parts are
obtainable in several ways. One approach is to

create patient-specific virtual 3D models of the
tissues or organs from volumetric CT or MRI datasets
[25]. Surface rendering techniques such as the clas-
sical marching cubes method [26], or the alterna-
tive adaptive surface climbing algorithm [27] are
applied to construct iso-surfaces from the raw
volume data. Fig. 2 shows a surface model of
bronchia, which is generated from the volumetric
MRI lung data using adaptive surface climbing.
Another way is to derive from the digitized axial
CT/MRI datasets of human cadaver, e.g. the visible
human dataset [28]. Virtual anatomical models may
also be created directly by 3D computer-aided
design tools in the absence of medical data.

3. Scalable deformable simulation
3.1. The force transmittal mechanism

The idea of the force transmittal mechanism is to
model deformation as a process where forces are
transmitted to individual mass points in a mass-
spring network. Force exerted on a node first pro-
pagates via springs to its nearest neighbors, then
induce secondary forces to the next nearest neigh-
bors, and so on until all nodes in the mass-spring
network are visited. Mass points are displaced suc-
cessively during the process of force transmittal,
which results in global deformation. The transmittal
mechanism for small deformation is however loca-
lized to the neighborhood of the node in direct
contact with external force, whereas the effect
on nodes farther away is insignificant and thus
negligible.

3.1.1. Formulations of mass-spring

interactions

Consider a deformable object modeled as a network
of linked mass nodes. Based on the Voigt’s model,
each link comprises of a spring and a damper con-
nected in parallel. The displacement u; of a node i

Figure 2 Generation of surface model of bronchia from MRI dataset using adaptive surface climbing.
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due to its neighboring nodes j and the external force
F; is governed by the Newtonian mechanics with the
following equation:

miil; + dig; + Y fi; =F; (3)
j

with

fij = kij(|rij| — [ij)r_’.].
|rijl
where m; and d;, are, respectively, the mass and
damping constant of node i, rj; and f;; are the vector
distance and the spring force between node i and j,
l;; and k;; are, respectively, the natural length and
stiffness of spring connecting node i and j. Eq. (5)
can be solved numerically using the central differ-
ence method using Egs. (7) and (8). As time
advances by a time-step h, the displacement of
node i at time t + h, uf*h is readily obtained from
its current and previous displacements u! and ut="
as follows:

(6)

h —h
Ut ~ U,€+ - ulg (7)
T 2h
t+h t t—h
u; ™ = 2ut + u
ui ~ 1 hzl + 1 (8)

3.1.2. BFS-assisted force propagation

To realize the proposed force transmittal mechan-
ism, algorithms based on the breadth-first search
have been developed to determine the correct
order of force transmittal among the mass points
in localized deformation regions. When only one
mass point is subjected to external force, the
order is similar to that of the breadth-first tra-
versal, which begins from the contact point to all
its immediate neighbors, followed by the neigh-
bors of neighbors, until the maximum depth of
traversal (i.e. penetration depth) that limits
the size of the deformation region is reached.
For example, consider a two-dimensional (2D)
mass-spring network with the topology shown in
Fig. 3, each node is connected with six neighbor-
ing nodes. For deformation localized by a max-
imum depth of traversal of two layers, the order
of force transmittal given by breadth-first search
is illustrated in Fig. 3. During the searching pro-
cess, a node that has been visited previously will
not be re-visited. Deformable simulation is carried
out by first evaluating the updated position of the
contact point, followed by the position update of
the six immediate neighbors at a topological dis-
tance d =1 in layer L4, and finally the twelve
nodes at d =2 in layer L,. Note that while the
discussion is based on 2D mass-spring network,

layer of nodes at
topological
distance d =1, L,
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Figure 3 Order of force transmittal in a 2D mass-spring
network. Force applied to the black node at the center is
transmitted radially outwards to neighboring nodes via
springs.

this approach is equally applicable to 3D volu-
metric networks.

3.1.3. Optimum penetration depth

The penetration depth in the deformable model
controls the number of nodes involved in the
deformable simulation. The choice of the optimum
penetration depth is a trade-off between visual
realism and computation complexity. While a small
penetration depth would lead to over-localized
deformation and unnatural visual effects, a deep
penetration would also result in intensive computa-
tion. To estimate the optimum depth, simulations
are performed at various penetration depths. By
monitoring the incremental changes in the shapes of
the deformed object with respect to the increasing
penetration depth, it is anticipated that no notice-
able changes in shape can be detected as the pene-
tration depth is further increased beyond a certain
value, which is the optimum depth. The estimation
process is automated by setting a threshold such
that, when the changes in shape due to an increase
in the penetration depth by one layer exceeds the
threshold, the deformable simulation is repeated by
further increasing in the penetration by one more
layer. The process continues until the change is
below the threshold, i.e. the incremental change
is hardly noticeable. The penetration depth at
which the calibration process ceases is the optimum
depth. The experiments designed for the estimation
of the optimum penetration depth will be described
in Section 4.1.1.

3.1.4. Intra-layer propagation order

In Section 3.1.2, it has been assumed that the order
of nodes at the same topological distance, i.e. the
intra-layer propagation order, has negligible effect
on deformation. In principle, the forces due to the
nodes in one layer would exert on all the nodes in
the next layer simultaneously. However, this would
revert to the matrix formulations in conventional
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MSM. The simultaneous propagation process is
therefore modeled as a process where the forces
propagate successively to each of the nodes in the
same layer. The intra-layer propagation order is
however disregarded. It simply follows the order
of node traversal in BFS. Nevertheless, even if the
forces propagate among the nodes in the same layer
in an arbitrary order, as long as the whole process
takes place in one simulation time-step, it can be
regarded as being occurred in a simultaneous man-
ner. This hypothesis has been verified by simulating
the deformation with different intra-layer propaga-
tion orders. The experimental results have indi-
cated that the resulting differences in the nodal
positions of the deformed object are insignificant,
suggesting the order of propagation for the nodes in
the same layer only plays a minor role in the force
transmittal mechanism, and can be neglected in the
deformable simulation.

3.1.5. Scalability

As discussed above, the order of force transmittal is
determined by the order of node traversal in BFS.
The number of nodes that the traversal would
cover, i.e. the number of nodes involved in deform-
able simulation, is dependent on the mesh topology.
Consider an unbounded 2D mesh with the topology
as shown in Fig. 3, the number of nodes N due to a
single external force is given by

N=3n*+3n+1 9)

where n is the penetration depth. If a force is
applied to a surface node of a 3D lattice, the
number of nodes is increased by an order of magni-

tude, i.e.
N=1(n+1)(2n*+4n+3) (10)

The simulation is thus scalable simply by control-
ling the penetration depth to limit the amount of
mass points involved. When real-time interactions

”";'\;r"'"'"'”'"'”"'"”'"'””"”""""""’

are required, the computation time can be reduced
effectively with a smaller penetration.

To facilitate the simulation process, connectivity
information is stored in the data structure of each
node. The immediate neighbors of each node are
identified instantly by accessing the data structure
during node traversal. Furthermore, each node is
allowed to connect to any number of nodes that are
required for the geometric modeling of both volu-
metric and surface models.

3.1.6. Multiple external forces

When external forces are applied to a number of
mass points, multiple localized deformation
regions are created in the mass-spring network.
The algorithm presented in Section 3.1.2 is
extended such that the force transmittal mechan-
ism is carried out at each of these regions in a
synchronous manner. This is illustrated schemati-
cally in Fig. 4. The overall order of force transmit-
tal is synchronized in such a way that nodes in the
different localized regions w; but at the same
topological distance d from their respective origin
of traversal N; are assigned with the same priority.
As shown in Fig. 4, the neighboring nodes belonging
to different regions are grouped together as com-
mon layers according to their topological dis-
tances. For a mass-spring network with m mass
points subjected to external forces, and the max-
imum penetration depth in all localized regions is n
layers, deformation is simulated by sequential
evaluation of updated nodal positions starting from
mass points in the layer Ly to L,, in an increasing
order of depth. The pseudo-code for the algorithm
is shown in Fig. 5. Furthermore, since the algorithm
is depth-synchronized for all localized regions and
each node is only visited once during the search of
neighbors, when two regions overlap, the corre-
sponding layers of neighboring nodes located at the
same depth would merge together, forming a com-
mon layer shared by the two regions.

n ! ‘0

d=1
L,

Figure 4 Schematic diagram showing the order of force transmittal when m nodes (N1—N,,) in a mass-spring network
are subjected to external forces, forming m localized deformation regions (w1—m.,). In each region, forces are allowed

to penetrate n layers.
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Force_Transmittal_Order (V, n):
Input: A setofnodes V'={v;:i=1...m } in a mass-spring network;
The maximum penetration depth n;

Output: A vector of n+/ containers.
Create an empty container L.
for each node v in V' do {

Set v to visited.

Store vin L,
}
Seti=0
while 7 is not equal to n {

Create an empty container L,

for each node j in L; do {

for cach neighbor & of node j do {

if k is not been visited then
Set & to visited
Store kin L;,
¥
1
)
increase i by 1

}
The order is given by the vector {Ly, L;, ..., L,}

Figure 5 The breadth-first search algorithm for the
determination of propagation order.

3.2. Identification of model parameters

A major issue with mass-spring-based deformable
models is the specification of physically meaningful
model parameters to reproduce the behavior of real
tissues, which has received relatively little atten-
tion in the literature. The determination of such
parameters as spring stiffness and nodal damping
is resorted to estimations through interactive
adjustments in a trial-and-error manner, by com-
paring to the experimentally measured tissue
responses, or by surgeons who are experienced with
the mechanical behavior of real tissues. The inter-
active tuning process iterates until the simulated
responses are seemingly realistic, matching the real
tissue responses.

Attempts have been made to automate the para-
meter identification process by using optimization
techniques. Louchet et al. [29] have proposed an
evolutionary minimization algorithm to identify the
parameters of a mass-spring cloth model by opti-
mizing against the synthetic cloth animations or real
cloth images. The nodal positions of the model are
tuned on a per-frame basis. Joukhadar et al. [30]
have applied genetic algorithms (GA) to a para-
meter identification problem concerning the realis-
tic simulation of the complex contact interactions
between a robot and a mass-spring-based object.
The behavior of the object is optimized by using GA
with a set of constraints such as the maximum
deformation, temporal position and velocity of
the object. Deussen et al. [31] have employed
simulated annealing to identify the model para-
meters of a 2D mass-spring array, using the analytic
solution to the static deformation as a reference.
However, to obtain the static deformation analyti-

cally, only a simple square plate is used and the test
configurations are limited to shear and tensile
stress. On the other hand, a representative work
related to medical applications is the ingenious
approach proposed by Radetzky and Nirnberger
[20]. This approach has utilized an artificial neural
network model to approximate the underlying tis-
sue model. A neuro-fuzzy system has been devel-
oped to enable the definition of model parameters
based on a linguistic description to the tissue char-
acteristics. The fuzzy rules and membership func-
tions are designed with medical experts. The values
of the fuzzy input and output terms are described by
linguistic terms, which are then mapped to the
physical parameters of the model by the fuzzy
system.

In this paper, we present a parameter identifica-
tion approach which is capable of identifying the
parameters of a 3D mass-spring model by using the
static FEM deformation as the reference. The
advantage of utilizing FEM is the flexibility that
allows the deformation of an object with non-trivial
geometry, subjected to arbitrarily applied forces,
to be evaluated numerically. The optimization is
based on the simulated annealing heuristic. The
optimization process along with the generation of
the reference data and the simulated annealing
process are presented in the following sections.

3.2.1. Heuristic optimization

As described earlier, the basic idea of parameter
identification is centered on the extraction of the
unknown parameters from a set of reference data
which are obtained by experimental measurements
or imposing behavioral constraints, or calculated
theoretically based on a physically more rigorous
model. To obtain the unknown parameters for a 3D
mass-spring system, the linear static FEM along with
continuum mechanics are used to generate the
reference deformation data. It takes advantage of
the availability of the linear FEM parameters—
Young’s modulus and Poisson ratio, which can be
measured experimentally for different materials.
The parameters for some living tissues are also
obtainable from the literature. The unknown
mass-spring model parameters are then adjusted
until it deforms in a way that approaches the
deformation as represented by the reference data.
That is, the optimization process involves the
deformable simulation of an object using two meth-
ods. On the one hand, deformable simulation of the
object is carried out with the mass-spring-based
force transmittal mechanism (MSM-FTM), while on
the other hand, the simulation is repeated for the
same object under the same conditions using the
linear static FEM, which serves as the benchmark.
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MSM-FTM: the mass-spring model simulated with the force transmittal mechanism.

FEM: the finite element model.

Figure 6 The nodal positions of the mass-spring model (MSM-FTM) are optimized against that of the FEM.
Optimization is carried out with both models in equilibrium state. The resulting differences in nodal positions are
summed and passed to the simulated annealing algorithm as the value of the cost function f.

The positions of the nodes in the deformed objects
as simulated by these two methods are then com-
pared. The distances between the nodes are
regarded as errors, which is to be minimized to
yield the optimum parameters for the mass-spring
model. The framework for the optimization is illu-
strated in Fig. 6.

To ensure the comparison is made on equal
ground, the following conditions are enforced. Since
the optimization is performed by benchmarking
against the deformation simulated by the static
FEM, the mass-spring simulation is allowed to pro-
ceed for a sufficient amount of time so that it would
reach the equilibrium state. Furthermore, both
models are constrained by the same boundary con-

may be more accurate, it does not necessarily model
the real world exactly. As discussed in Section 2, real
tissues are very complicated, which cannot be simu-
lated simply by linear FEM. The use of linear FEM to
generate the reference data is primarily due to the
availability of measurable FEM parameters that cor-
respond to specific materials.

3.2.2. Reference data

The reference data are generated by using conti-
nuum mechanics and the finite element method.
Consider a 3D object with volume V and composed
of linear isotropic material, the stress vector ¢ and
strain vector ¢ are related by the Hooke’s law as

ditions and subjected to the same external forces. It ¢ =Ds (11)
should be emphasized here that although linear FEM ~ where
[oxx ] [ exx |
Oyy yy
Ozz 774
o = ) 8 = b
Oxy Exy
Oyz &yz
L Ozx | L €zx |
[(1—v) v v 0 0 0
v (1—-v) v 0 0 0
v v 1—v 0 0 0
p-_ E (1-v) 1 (12)
(1+0v)(1—2v) 0 0 0 7(1—0v) 0 0
0 0 0 0 1(1-v) 0
| O 0 0 0 0 1(1-v) |
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In Eq. (12), D is the material matrix, E and v are the
Young’s modulus and Poisson’s ratio, respectively.
The strain vector ¢ is further expressed in terms of
the displacement vector u as ¢ = Bu, where B is a
6 x 3 matrix of differential operatorsanduisa3 x 1
vector [16,32]. For static deformation, the displa-
cement u due to an external force f is given by

f=Ku (13)

where K is the stiffness matrix

K:///BTDBdV (14)
v

Hence, it is necessary to compute the stiffness
matrix K in order to determinate the resulting
deformation of the object.

The problem is then formulated using FEM which
decomposes the object into a number of elements
[32]. In our work, the basic shape employed for the
finite elements is a hexahedron, containing eight
corner nodes with three degrees of freedom for
each node. The choice of hexahedron is because
it has the same topology as the mass-spring lattice
to be optimized. Thus, the global stiffness matrix K,
in Eq. (14) of the entire object is now calculated
indirectly by first evaluating the stiffness matrices
for each hexahedron element K., which are
assembled subsequently to give the global K.

To calculate K., each hexahedron element is
transformed from the Cartesian coordinate system
(x, v, z) to the natural coordinated system (r, s, t).
The displacement within each element is obtained
by interpolating the displacement of the eight
corner nodes using the tri-linear Lagrange shape
function

N =1(1+rr)(1 +ss)(1 + tt;) (15)

where i = 1—-8, corresponding to the eight corners
with r;, s; and t; equal to either +1 or —1. The
element stiffness matrix is then evaluated as

1 r1 1
Ke:/ / /BTDBdet(J)drdsdt (16)
—1J-1J-1

where J is the Jacobian of the coordinate transfor-
mation. Once the K.’s of all the hexahedrons are
computed, the global stiffness Kq of the object is
obtained by the assemblage of the K.’s, and the
static deformation can be evaluated by Eq. (13).
Further details can be found in [32,33].

3.2.3. Cost function

The objective of the optimization problem is to
minimize the difference in nodal positions between
the force transmittal model and the finite element

model. Referring to Fig. 6, suppose the spring
stiffness k and damping constant d are the para-
meters to be tuned during optimization, the posi-
tion vectors of the ith node in the force transmittal
model and the FEM are X;and X;, respectively, then
the cost function f is given by the sum of the
Euclidean distances between all nodes in the two
models, that is

f(k,d) =3 "> "|Xi(k, d,F) — X;(F)| (17)
F i

where F the set of force configurations, each con-
figuration defines the forces applied to the nodes in
two models. Both models are subjected to identical
loading and boundary conditions. Optimization is
achieved by minimizing the distances between the
nodes in the two models so that the optimum values
of spring stiffness and damping constant ko, and
dope are obtained as f is minimized.

3.2.4. Simulated annealing

Originated in statistical thermodynamics, simulated
annealing is a flexible optimization technique that
simulates the thermal annealing process in metal-
lurgy for the removal of internal stress and struc-
tural defects [34]. It is a flexible optimization
method and widely applied in many combinatorial
optimization problems. An important difference
between SA and other heuristic optimization tech-
niques is the random evaluations of the cost func-
tion which allows an intermediate solution to
escape from local minimum by making a probabil-
istic uphill move. Hence, it offers a higher chance to
reach the global minimum even if many local
minima exist in the cost function. The probability
Pr of an uphill move, i.e. the metropolis acceptance
criterion, is given by

1 Af<0
Pr= { e MkT Af>Q (18)

where Af is the change in function value for such a
transition, kg is the Boltzman constant and T is the
temperature.

Cooling schedule plays an important role in simu-
lated annealing. The temperature decrement func-
tion, the initial and the final temperature would
considerably affect the optimization process. It is
evident from Eq. (18) that since Princreases with T,
annealing at a high temperature would result in
numerous random uphill moves without significant
minimization of the cost function. The frequent
update of the system status also slow down the
optimization process. On the contrary, low tem-
perature precludes uphill moves, reducing SA to a
slow descent algorithm. A pre-processing stage has
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Initialize:
Define configuration space:
S={(k,d)| keK, deD}, where K={k | ky, < k < kpon}, D={ d | dpyi < d <y}
Set cooling schedule parameters
Select an initial solution (Ko, dop) S at random.
Compute the cost function f,,, = fkops, dup) With Eq.(17).
Set system temperature T = initialTemperature;
Simulated Annealing:
While T is larger than finalTempearture do
{
Seti=0;
While i is not equal to numliterations do {
Select a random solution (k, d) S in the neighborhood of (kops, dopr).
Compute the cost function f = f(k, d) with Eq.(17).
Calculate Af=f— foin 3
IfAf<0
(kaprs dopr) = (ks d; fonin <
clse
generate random variable R (0, 1)
if R < exp(-Af/T)
(Kopts dopr) <= (K, d) 5 fouin < [
increase i by 1

}

Reduce T by one temperature step

}

Figure 7 The simulated annealing algorithm developed
to identify the parameters of MSM-FTM.

been carried out to locate the suitable temperature
range before simulated annealing proceeds. The
temperature reduction function o(T) = T/(1 + ST)
proposed by Lundy and Mees [35] is employed for
the cooling process, where f is a suitably small
value. System temperature is reduced very slowly
but only one iteration is performed at each tem-
perature-step. The system is frozen when the tem-
perature is below the final temperature where no
more transition is possible. The SA algorithm devel-
oped for optimizing the force transmittal model
against the FEM deformation is shown in Fig. 7.

3.3. Incorporation of force feedback

Force feedback is not only involved in medical
simulation to enhance the realism of virtual envir-
onments, but also to provide diagnostic information
from the sense of touch. For example, palpation is
an important technique in cancer diagnosis that
size, location and tenderness of abnormal tissues
are detected by hand. In Chinese medicine, the
state of balance of the whole body is determined
by pulse diagnosis and touching local areas. Force
feedback is incorporated into the force transmittal
model by using the six degrees of freedom haptic
device PHANToM Desktop from the SensAble Tech-
nologies Inc. [36]. User interacts with deformable
objects in the virtual environment by manipulating
the stylus of PHANToM. Point-based haptic render-
ing technique [37] is used in which the stylus end-
point of PHANToMs (i.e. haptic interface point, HIP)
is modeled as the probing object. During the course
of haptic simulation, collision detection algorithm
checks continuously if the HIP collides with a virtual

Figure 8 Calculation of reaction force by the vector
sum of forces at the three vertices of a collided polygon.

object. For an object modeled with triangulated
meshes, the three vertices of a collided polygon
serve as the starting points for the breadth-first
traversal to determine the order of force transmit-
tal in subsequent deformable simulation. To con-
strain the HIP on the object surface, the collided
polygon is translated with a displacement as defined
by the HIPs penetration into the object. The reac-
tion force Fc,c: resulting from such displacement is
evaluated by the vector sum of spring forces at the
three vertices (see Fig. 8), that is

3 n
Freact = _ZZfij (19)

i=1 j—=

where n; is the number of neighbors of the ith vertex
of collided polygon and fj; is the spring force on the
ith vertex due to its jth neighbor. Deformable simu-
lation then proceeds with forces transmitting suc-
cessively to the neighboring nodes on a node-by-
node basis according to force transmittal mechan-
ism. During simulation, reaction forces are com-
puted to drive the haptic device and the nodal
positions are updated to refresh graphics.

3.3.1. Efficient haptic rendering

High haptic refresh rate of 1kHz is required by
PHANTOM to generate natural force feedback. If
computationally intensive deformable model is
employed, it is only resorted to multi-processor
environment or distributed computing [38]. In con-
trast, the proposed approach is suitable for realiz-
ing haptic rendering on a standalone and generic
PC with single processor. As computational speed
decreases with increasing number of nodes
involved, the simulation can be expedited simply
by reducing the extent of localization. However,
when large deformation is necessitated, computa-
tional time extends and the disparity between hap-
tic refresh rate and simulation speed becomes more
serious. The rate at which reaction forces are cal-
culated cannot cope with the 1 kHz haptics simula-
tion, which causes discontinuity in force feedback.
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This is alleviated by generating additional force
data through the extrapolation of the two most
updated and consecutive reaction force data [39].

4. Performance and evaluation

In this section, the deformable model based on the
force transmittal mechanism is evaluated compre-
hensively in three aspects. First, the mechanical
behavior and computation efficiency are discussed,
followed by the extraction of model parameters by
optimizing against linear static FEM, and finally the
realization of a VR-based medical simulation system
with the incorporation of force feedback device.

4.1. Mechanical behavior

4.1.1.Estimation of optimum penetration depth
The estimation of optimum penetration depth has
been illustrated by using an isotropic mass-spring
lattice. A constant point load is applied to a node
on the top of the lattice. Simulation is carried out
with the penetration depth increased incremen-
tally so that the localized deformation region, i.e.
the bounding volume as defined by the penetra-
tion depth, expands in a stepwise manner to
include more nodes for the simulation. On the
other hand, the nodes falling outside the bounding
volume do not involve in the simulation and
remain fixed during the deformation process.
The simulated shapes of the lattice, represented
by the profiles, are recorded at each penetration
depth and plotted in Fig. 9. It is evident that
further increase in penetration beyond four layers
does not produce noticeable change in the profile,
which suggests that the optimum depth in four
layers.

It is noteworthy to point out that the optimum
penetration depth is dependent on the stiffness of
the mass-spring model. The dependence has been

4
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3t -8-2 layers
-4 layers
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21 -8 layers
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Normalized Displacement

Figure 9 Deformed profiles simulated with different
penetration depths.

demonstrated by conducting the estimation process
for isotropic lattices having different spring stiff-
ness. Three isotropic lattices with spring stiffness
k=0.5, 2.0 and 5.0 are deformed by the same
external force. The simulated profiles at each pene-
tration depth increment are recorded. As indicated
by the deformation results shown in Fig. 10, the
optimum penetration depths are 4, 6 and 8 layers,
respectively, for the three lattices, suggesting that
the greater the stiffness, the deeper the required
penetration depth. This can be explained by the fact
that, under the same external force, it would be
more difficult to deform a hard object and only
result in small deformation in a very localized
region. Hence, a small penetration depth would
be sufficient to simulate the deformation.

Normalized displacement
W

Normalized Displacement
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Figure 10 Simulated profiles of a deformed lattice with
spring stiffness k = 0.5, 2.0 and 5.0.



An efficient and scalable deformable model for virtual reality-based medical applications 63

4.1.2. Tissue responses
To access the ability of the force transmittal
mechanism to model real tissues, a set of experi-
ments have been conducted to test if the approach
could simulate the typical tissue behavior. It
includes the two common features of viscoelasti-
city—strain creeping and hysteresis, as well as the
nonlinear load-deformation relationship [22,40]. In
the mass-spring-based viscoelastic model, the resis-
tant force exerted on each mass point is responsible
for the simulation of the viscous behavior. The
force, modeled by using a damper, is proportional
to the negative of velocity and the proportionality
constant, i.e. the damping constant, determines
the viscosity of the system. In the following experi-
ments, the damping constant of the mass-spring
system is varied to study the simulated mechanical
properties of materials with different viscosity. The
penetration depth is set in such a way that the
simulation covers the greatest amount of nodes in
the mass-spring system.

In the creeping test, a constant force is applied to
a mass-spring lattice and the resulting strain is
recorded as a function of time. Deformation of
three materials with different viscosity is modeled
by varying the damping constant. In Fig. 11(a), the
variation in strain against time shows that, under a
constant stress, the strain builds up asymptotically
toward a maximum value. Among the three viscoe-
lastic materials, the one with the least viscosity has
the highest strain rate. The simulated behavior is
similar to the creeping measurements obtained
from real tissues [22,40]. Next, cyclic loading is
simulated to study the effect of hysteresis. A
mass-spring lattices is subjected to an external
force which is ramped up at a constant rate from
zero to a maximum value and then down to zero
again. The plot of strain against force in Fig. 11(b)
shows that the loading and unloading processes
follow two distinct paths, demonstrating the phe-
nomenon of hysteresis as observed in real tissues
[22]. Also shown in the experiment is that the width
of the hysteresis loop increases with the viscosity of
material, which demonstrates that the effect hys-
teresis is more significant for a material having a
higher viscosity. In the load-deformation test, the
force applied to the lattice is increased at constant
rate and the resulting strain is measured. The
curves plotted in Fig. 11(c) shows that the defor-
mation varies nonlinearly with the applied force,
which resembles the measurements obtained from
living tissues [40]. The results of the above experi-
ments indicate that the force transmittal mechan-
ism can be used to model the typical behavior of
real living tissues. Deformable simulation for tis-
sues with different viscosity can be performed by

o 05 1 15 2 25
(c) Strain

Figure 11 Typical tissue behavior simulated by the
force transmittal mechanism: (a) creeping; (b) hyster-
esis; and (c) nonlinear load-deformation relationship.

adjusting by the damping constant of the mass-
spring system.

It should be pointed out that all the above experi-
ments were conducted with the same integration
time-step because, in addition to the physical para-
meters of the model, the resulting deformation is
also dependent on the time-step. As in most mass-
spring simulations, the time-step is often set to
be small enough to maintain numerical stability,
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whereas a large time-step would lead to oscillations
or the collapse of the mass-spring system.

4.1.3. Anisotropy

The ability of the force transmittal mechanism to
simulate the anisotropic behavior of materials has
been evaluated by setting the spring stiffness along
specific directions to different values. In Fig. 12,
two transversely isotropic models are created by
assigning the vertical (k,) and horizontal springs (ky
and k,) with different stiffness. In model A, the
stiffness of the horizontal spring is 10 times smaller
than that of the vertical springs, whereas the
reverse is applied to model B. An isotropic model
is also created as a control. To study the anisotropic
behavior, a force of constant magnitude is applied
vertically to a node on the top, and horizontally to
a node on one side of the models. The shapes of
the deformed models, as depicted by its profiles,
under these two scenarios are compared. As
expected, the simulated profiles for the isotropic
model due to the vertical and horizontal force are
identical, regardless of the direction of the applied
force. For model A, since the horizontal stiffness is
smaller, it experiences greater deformation when
the force is applied horizontally, as indicated by
the rounded corners in the deformed profile. In
contrast, as the stiffness of the horizontal springs

kx=10 ky=10 kz=10

is larger in model B, it appears harder when being
deformed horizontally and the resulting deforma-
tion is smaller when compared to the deformation
due to a vertical force. The direction-dependent
deformation illustrated in this experiment shows
that the proposed force transmittal mechanism
can be used to simulate the deformation of aniso-
tropic materials.

4.2. Deformable simulation with medical
data

Deformable simulation based on the force transmit-
tal mechanism has been applied to medical imaging
data. The work is divided into two parts—the visua-
lization of volumetric medical data and the genera-
tion of deformable models.

4.2.1. 3D visualization

The visualization of volumetric medical data is
achieved by using the technique of direct volume
rendering. Hardware-supported 3D texture map-
ping is utilized to store the volume data in solid
texture memory. The volume is sliced with a set of
planes orthogonal to the viewing direction. Each
plane is rendered and shaded using the Z-buffer
algorithm, and is alpha-blended using the opacity
values of the 3D volume texture. With hardware
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Figure 12 Simulated deformation of transversely isotropic lattices having different vertical and horizontal stiffness.
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acceleration, this method can reach a real-time
frame rate. However, the large size of texture
memory becomes the main concern. This method
is thus adopted by mapping the volume data into a
number of rectangular planes aligned in the Z direc-
tion using 3D texture mapping. The blending func-
tion uses the alpha value in the data source or
assigned by the gray-scale value proportional to
opacity. It is intuitive that a large gray-scale value
usually corresponds to bones or other solid tissues,
whereas a small gray-scale value corresponds to fat
or flesh. The planes are drawn in the back-to-front
order. With sufficient data, the visual effect is
satisfactory.

4.2.2. Mass-spring controlled free-form
deformation

Deformable simulation for medical data is achieved
by incorporating the physically-based force trans-
mittal mechanism into the purely geometric free-
form deformation. In conventional FFD, knowledge
of the correlation between the movements of con-
trol points and the resulting changes in shape is
required to achieve the desired deformation. With
the aid of the force transmittal mechanism, the
deformation of the control mesh is now governed by
the dynamics of the mass points. The modeling
process is as follows. A set of volumetric medical
data is first embedded in a mass-spring network
which serves as a control mesh. When an external
force is applied to a node in the control mesh, the
neighboring nodes are displaced according the force
transmittal mechanism, thereby resulting in loca-
lized mesh deformation. As the surrounding space
of those displaced nodes is also deformed, it
induces localized deformation to the embedded
volume data.

Deformable simulation has been performed
using MRI knee data. The data contains 256 by
127 slices. It is embedded in a mass-spring control
mesh of 10 x 10 x 10 nodes. Nine slices are
inserted between each pair of nodes by tri-linear
interpolation so that there are totally 100 slices for
alpha-blending and final image composition. Fig. 13

shows the deformation of the MRI knee data by
using the force transmittal mechanism. Further
illustrations using the MRI head data are also shown
in Fig. 13.

Notice that for medical data containing hard
tissues that are non-deformable, some of the nodes
in the mass-spring mesh should be fixed during
deformable simulation if they are surrounded the
hard tissues. This is taken into account by constrain-
ing the movement of the nodes that correspond to
the non-deformable hard tissues so that the nodes
remain fixed throughout force transmittal process.
Whether a node is movable or fixed is determined
according to the density value of the tissue sur-
rounding the node.

4.3. Parameter extraction

The simulated annealing algorithm developed for
model parameter extraction has been experimen-
ted to obtain the suitable spring stiffness and damp-
ing constant that correspond to the mechanical
properties of elastin. A cubic elastin sample of size
0.1m x 0.1m x 0.1 m is modeled with 1000 nodes
and 729 hexahedrons. Forces are applied to four
central nodes located on one face of the sample
while the opposite face is fixed. Reference defor-
mation data of elastin is first simulated using
the linear static FEM. The characterizing para-
meters of elastin employed in FEM, including
mass density, Young’s modulus and Poisson’s ratio,
are 1040 kgm~3, 0.6 and 0.45 MPa, respectively.
The spring stiffness and damping constant in the
force transmittal model are then tuned by using
simulated annealing such that the resulting defor-
mation approaches the FEM deformation. The opti-
mization parameters and results are given in
Table 1, the corresponding errors are shown in
Table 2. Since some of the nodes in the two models
have the same positions, the minimum nodal posi-
tion error is zero. The discrepancy between the
optimized model and the FEM reference data is
evaluated by the difference in nodal positions,
normalized to the natural length of spring. Under

Figure 13 Application of the force transmittal mechanism to deform the MRI datasets of knee and head.
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Table 1 Model parameters extraction by simulated
annealing
Elastin
FEM
Young’s modulus E (MPa) 0.6
Poisson’s ratio o 0.45
Density p (kg m~—3) 1040
External force range (N) 10—40
Simulated annealing
Initial temperature 0.1-1.0
p in Lundy and Mee’s cooling function 0.4-0.5
Simulation based on force transmittal mechanism
Penetration depth n (layers) 10
Optimization results
Spring stiffness kqpe 2575
Nodal damping dopt 2149

Table 2 Optimization error at each applied force

Force Average Maximum nodal
(N) error (%) position error (%)
10 2.7 9

20 5.4 17.1

40 10.9 27

the specified range of external forces, the average
discrepancy in nodal position between the force
transmittal model and FEM is about 6% of the
natural length of spring, which only produces minor
visual differences. When the smallest specified force
is applied, the average discrepancy is only 2.7%.

Shared data of

However, the experimental results show that the
discrepancy increases with the magnitude of exter-
nal forces. This is expected due to the intrinsic
differences in the principle of the two models. While
a close matching can be achieved for small deforma-
tion, it becomes difficult to approach the FEM results
when deformation is very large.

4.4, Haptic simulation

A multi-threaded platform has been developed to
incorporate haptic simulation into the proposed
deformable model. Fig. 14 shows the system frame-
work. Three threads are created, respectively, for
dynamics simulation, haptic rendering and visuali-
zation. Because of the high bandwidth requirement,
the haptics loop is assigned with the highest priority
in order to maintain fast refresh rates. It provides
the dynamics simulator with the position of the
virtual probe and generates feedback forces to
the user. The dynamics simulator performs collision
detection and carries out deformable simulation if
collision occurs. The simulator computes updated
nodal positions and passes them to the visualization
loop for graphics refresh. It also computes the
reaction forces required by the haptics loop to
generate force feedback.

Real-time interactive deformation of virtual
organs using the PHANToM Desktop has been
achieved. In Fig. 15, surface-based liver and sto-
mach model are deformed interactively using a
virtual probe which represents the end effector of
the PHANToM arm. Once collisions between PHAN-
ToMs HIP and virtual organ are detected, vertices
of collided polygon are passed to the deformation

virtual object
1000 Hz 30 Hz
A \ ™
( Hatpics thread ) ( sim?z?:t]iro?at:iad ) (Visualization thread)
HIP 4 Reaction 4
position v force y v

Detect collision

'

Determine the
order of force transmittal

v

Calculate update nodal
positions and reaction force

Haptic device I

I Visual display monitor I

Figure 14 System framework for deformable simulation with haptic feedback (left). Setup for interactive deformable
simulation on generic PC platform with PHANToM Desktop (right).
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Figure 15

Interactive deformation of 3D models of lung (1769 nodes, 3534 polygons) and stomach (512 nodes, 1020

polygons). Deformation is simulated based on the proposed force transmittal mechanism.

simulator to determine the order of force transmit-
tal. Updated positions of the nodes in the neighbor-
hood of the vertices are then calculated and used to
refresh graphics. In the meantime, the reaction
forces are computed and perceived by user through
PHANTOM.

4.5. Computation efficiency

Timing experiment has been conducted to evaluate
computation efficiency with an isotropic 2D lattice
with the same topology as the one shown in Fig. 3.
The lattice contains 50 x 50 nodes and a constant
force is applied to the central node. Time elapsed

for searching neighboring nodes and calculating
updated node positions during deformable simula-
tion are measured at different penetration depths.
For a penetration of n layers, the number of nodes
involved in the simulation at each time-step is given
by Eq. (9). Simulation is carried out on a generic
Intel Pentium IIl 800-MHz PC without graphics accel-
eration. Refer to Table 3, as penetration depth
increases from 1 to 20 layers, it takes 0.14—31 ms
to update nodal positions for one time-step, corre-
sponding to refresh rates of 32 Hz to over 7 kHz.
Hence, by limiting the extent of deformation appro-
priately, computation can be expedited to a level
that facilitates real-time interactive applications.
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Table 3 Variation in computation time against
penetration depth

Penetration Number Computation
(layers) of nodes time (ms)
Neighbor  Deformable
search simulation
1 7 0.02 0.14
2 19 0.07 0.38
3 37 0.1 0.49
4 61 0.27 0.97
5 91 0.44 1.42
10 331 2.56 5.87
15 721 10.57 14.79
20 1261 28.79 30.97

5. Conclusion

An efficient and scalable deformable model has
been presented in this paper. The simulation is
based on the force transmittal mechanism in which
breadth-first search algorithms have been used to
determine the propagation order. The computation
speed is adjustable simply by varying the penetra-
tion depth. The model has demonstrated typical
tissue responses and anisotropic behavior.

To deal with the common problem of parameter
identification in mass-spring system, an attempt has
been made to extract the parameters through the
optimization against the reference data generated
by using linear static FEM. Simulated annealing
algorithms have been developed to obtain the
spring stiffness and damping constant of a 3D
mass-spring lattice. However, the simulated defor-
mation is indeed a multivariable function of the
physical parameters of the model (including mass,
spring stiffness, damping constant and penetration
depth) as well as the time-step in numerical inte-
gration. The numerous variables further complicate
the identification process, making it difficult to tune
the simulated deformation to the desired tissue
responses.

The deformable model has been applied to deform
volumetric medical data, and has been effectively
integrated with a commercial haptic device on a
generic PC platform. It provides a feasible solution
for the development of VR-based medical applica-
tions, e.g. medical training system pertaining to
anatomy, palpation diagnosis or surgery.

By taking advantages of computation efficiency
and scalability, the proposed deformable modeling
technique will be explored for the development of
online medical applications. It has the potential for
the development of web-based surgical training
involving deformable simulation [41] since fast

computation and high refresh rate can be achieved
even with a generic PC. Simulation speed can be
adjusted dynamically by varying penetration depth
to adapt to network traffic. Furthermore, the band-
width requirement is low as the information
required for transfer only includes the mass points
subjected to external forces and the associated
force vectors. In particular, it is promising to
develop collaborative virtual environments built
on client-server architecture, which allows the
planning and training of medical procedures invol-
ving multiple user interactions. Research is under-
way to build a VR-based system containing virtual
organs with local variations in stiffness, which will
be used for training palpation during medical exam-
ination. Model parameters corresponding to differ-
ent tissue stiffness will be determined by using the
simulated annealing algorithm. Ongoing work also
includes the simulation of tissue cutting to enhance
the features and realism of the model.
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