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Abstract—Medical education has a strong need for palpation training in the detection of subsurface
tumors. A virtual reality training simulation was created to address this need. Utilizing the Rutgers
Master II force feedback system, the simulation allows the trainee to perform a patient examination and
palpate (touch) the patient’s virtual liver to search for hard regions beneath the surface. When the user’s
fingertips pass over a ‘tumor’, experimentally determined force/deflection curves are used to give the user
the feeling of an object beneath the surface. A graphical user interface was developed to facilitate
navigation as well as provide a training quiz. The trainee is asked to identify the location and relative
hardness of tumors, and performance is evaluated in terms of positional and diagnosis errors. The
results of this traimng simulation are in agreement with biomechanical analysis. €% 1997 Elsevier Science
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1. INTRODUCTION

The sense of touch through palpation has been an
extremely valuable tool since ancient times. With
advances in medical imaging, there is an increased
reliance on these diagnostic images, leading to a
decline in clinical palpation skills in the US. In the
area of education, there is therefore a need for
palpation training [1]. It is also known that pyloric
tumors in infants are palpable preoperatively in 80%
of cases, but feeling the tumor requires patience and
skill even for experienced clinicians. With appro-
priate palpation training, diagnosis could be made
on clinical grounds alone in about 80% of the cases,
reducing cost and diagnostic delays [2].

Malignant liver neoplasms far outnumber their
benign counterparts. Liver cancer is more common
in Asia and Africa than in the United States [3]. In
the US, hepatocellular carcinoma is associated with
cirrhosis in 50-80% of patients. Liver neoplasms can
range in size from millimeters up to 20 cm. In the
presence of cancer, the liver is generally tender to
palpation. Liver tumors can be detected using
imaging techniques or by palpation.

With a combination of technologies, such as
virtual reality (VR) and force feedback, it is possible
to greatly extend the capabilities and effectiveness of
training simulators [4]. A simulation can record
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kinematics, touch, and force feedback sensation for
later display to a trainee. In this manner the trainee
can learn the methodology of a procedure, as well as
experience contact force sensation similar to those
encountered when performing that clinical palpation.
This technology could be used by medical students
before they palpate a real patient, and by trained
physicians to improve their skill [5].

The advantages of VR technology extend to the
classroom, where medical students could be trained
for an examination with no risk to the patient.
Currently, the way students learn these procedures
is by watching experienced surgeons and perform-
ing the procedure under their supervision. If the
students could be trained ahead of time to know
what a tissue feels like when something is not
‘normal’, they would gain experience prior to work
on actual patients.

The current focus in our research is to develop
medical training tools by integrating a VR anatomi-
cal model with its biomechanical characteristics (see
Fig. 1). This article focuses on the development of a
virtual reality training simulation where the user can
touch soft tissue looking for a tumor beneath the
surface. When it is touched, the tumor causes a
different force profile, making it feel as though
something is actually hidden beneath the surface. If
this capability were combined with medical imaging,
the physician would be able to touch and examine
organs that were not previously palpable without
surgery {7].
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Fig. 1. Liver Training Simulation (adapted from [6]. © 1996 ASME Reprinted by permission).

2. EXPERIMENTAL CONFIGURATION

The Rutgers Master II, a dextrous, portable
master for VR simulations is used to provide force
feedback to four fingers [8]. The master consists of
custom pneumatic actuators (pistons) extending
from a palm-mounted platform to the fingertips.
The high dynamic range of the RM-II coupled with
large sustained force feedback levels (16N/fingertip)
make it ideal as a palpation tool when fingertips are
used. The RM-II does not constrain hand or arm
movement, nor does it tire the user due to excessive
weight, World coordinates are provided by a
Polhemus FASTRAK 3D [9] mounted on the back
of the palm.

The RM-II is connected to an electronics interface
which displays feedback forces visually through
LEDs on its front panel. This ‘smart’ interface
includes a uPC controller which enables the handling
of the haptics loop independent of the graphics
workstation [10, 11]. Force feedback information for
physical modeling (such as contact detection or
organ compliance) is communicated by the graphics
machine to the RM-II interface via a serial line. Thus
the graphics computer computation load is reduced,
resulting in higher refresh rates. The graphics work-
station used in our simulation is an SGI Indigo2
High Impact capable of rendering 384 000 Gouraud
shaded polygons per second. The simulation was
developed using the OpenGL graphics library [12].

The SGI workstation handles collision detection,
deformation calculations, and graphics display (Fig.
2). The RM-II Smart Interface reads the hand
configuration and then calculates and controls force
feedback to the trainee’s hand.

3. BIOMECHANICAL MODELS

In order to develop a realistic virtual simulation,
there is an acute need to have deformation laws in
multi-material property structures. These laws can be
obtained from mechanical models which will simu-
late the contact force (at the finger tips with and
without a glove) vs deflection behavior (of the tissue
configuration). Here we would like to know how
different tissues will deform locally under the finger
tips. This behavior is dependent on many factors
such as the type of tissue (normal, soft, hard, firm
and cyst), tumor location (at the surface or deep),
their mechanical properties and mechanical proper-
ties of the surrounding tissues, boundary conditions
(firmly or loosely attached), and the finger tip
palpation forces (magnitude, direction and loca-
tions}.

Initial studies [12, 14] indicate that deformation
under the finger tip is sensitive to the material
properties and location of the hard tissue within the
soft tissue. Therefore, a major task here is to
quantify and simulate the deformation of the normal
soft tissue with tumor underneath. These structures



Virtual reality tumor palpation simulation 453

Silicon Graphics Rz

Indigo2 Impact 5292

Rutgers !
Master I

Smart Interface System

& -

Rutgers Master

Polhemus Fastrak
3D Tracker

Polhemus
Sensor '

Fig. 2. Current VR system architecture (adapted from [13]. © 1997 IEEE Reprinted by permission).

are considered a multi-material model from a finite
element analysis point of view. A finite element
model was developed to introduce a realistic scenario
of the size of the tumor and its location within the
surrounding soft tissue.

3.1. A parametric study on the location of tumor
The phantom model (Fig. 3) is a two dimensional

model in the direction of the loads and passing

through the center of a circular tumor. The soft

Soft Tumor, 1 Radius Displ.

Hard Tumor, 1 Radius Displ.

tissue takes the majority of the area in the model,
and the hard tissue is considered as the round area
with a radius of 20 mm. This tumor size is chosen
based on the data reported in the literature [3, 15]. A
parametric study was performed where the distance
between the surface of the hard tissue and the surface
of the soft tissue varied from 25% to 200% of the
hard tissue radius. The stiffness, E, of the soft tissue
was 137 MPa while the stiffness of the hard tissue
varied from 10% to 600% of the soft tissue stiffness.

Hard Tumor, 2 Radius Displ.

Fig. 3. Finite element analysis on hard and soft tumors [7].
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Each load was 20 N vertically on the surface. The
effect of the force is local in all cases, uniform all
across except where the finger is pushing, and the
lower portion of the model has almost no deforma-
tion. The boundary of the tumor may change
depending on its relative stiffness.

—For one-finger palpation on the surface of the
soft tissue with embedded tumor softer than the
surrounding tissue, the following results were
found:

e The finger sinks in more (or larger deforma-
tion) as the tumor itself deforms significantly
[Fig. 3(a); the maximum deformation is
2.03 mm).

e The sinking effect decreases dramatically as
the tumor gets deeper, and shows insignificant
alteration once the tumor is deeper than one
and half times its radius [Fig. 3(b); the
maximum deformation is 1.79 mm]. This
deformation is similar to a normal case.

o The surface deformation in case (a) was 39%
higher compared to case (b).

—For one-finger palpation on the surface of the
soft tissue with embedded tumor harder than the
surrounding tissue, the following results were
found:

e the sinking effect was much smaller as the
tumor did not deform. The majority of the
deformation was in the soft tissue. The tumor
was simply displaced [Fig. 3(c); the maximum
deformation is 1.32 mm)].

e As the distance increased, the effect of the
hard tumor decreased dramatically [Fig. 3(d);

the maximum deformation is 1.37 mm). Once
the location of the tumor was deeper than 1.5
times the radius, the results were similar to
soft tumor. This implies that tumors deeper
than 1.5 times their radius are very difficult to
palpate.

e The results of the multiple finger palpation
loads show that the finger pressing directly on
top of the tumor has maximum force feed-
back.

4. TUMOR DETECTION SIMULATION

A real-time simulation for liver palpation training
that incorporates force feedback has been developed
[13]. A high resolution mode! of the female body was
obtained from Viewpoint Data Labs [16]. This model
was subsequently reduced from 60000 polygons
down to 2630 polygons by displaying only the region
of interest (from the fifth rib to the waist) in high
resolution. The rest of the torso was draped with a
virtual sheet. The details of the simulation are shown
in [12] and [13].

Multiple finger contact detection and deformation
was achieved by extending the routines developed
earlier in our laboratory for knee palpation [17]. The
reaction force due to deformation at a point was
obtained from experimentally measured force/deflec-
tion curves. A tumor embedded in soft tissue was
simulated in vitro using hard rubber balls embedded
within softer balls. These experiments were validated
using FEA as discussed above. The reaction force for
each fingertip was computed individually. This
assures no interaction between the forces exerted
by each finger.

The simulation allowed the trainee to palpate,

Fig. 4. Abdominal palpatation (adapted from [13]. © 1997 IEEE Reprinted by permission).
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Fig. 5. Feedback to user on tumor identification. In this figure. the user is shown the potential error along
the x-axis. The top row of tumors represent the user's identification of tumor compliance and position.

using three fingers, the ribs and other areas of the
abdomen (Fig. 4). The user can then choose to
palpate the liver directly. In the palpation mode, the
trainee’s hand is visually constrained to the surface
of the liver. On palpation, the user feels a constant
compliance due to the liver tissue deformation. When
the finger is placed over an area in which a tumor
was embedded, the area has a higher reaction force
(feels less compliant). The compliance of soft and
hard tumor phantoms were modeled.

In the simulation, the tumors were placed ran-
domly by the computer. The trainee had to identify a
tumor as hard (‘h"), or soft (‘s’), when it is
encountered. He then received feedback on the
correctness of the diagnosis and the error between
the position of the detected and actual tumors (Figs 5
and 6). The trainee was subsequently shown any
tumors he had been unable to detect.

5. HUMAN FACTORS STUDY
To evaluate the training simulation, a human
factors study was conducted using 32 subjects. These
were volunteers and non-medical students. The goal

of the study was (1) to investigate a user’s ability to
locate and differentiate between hard and soft
‘tumors’, (2) to investigate search duration, and (3)
to investigate the influence of training time on the
above results.

Two groups of 16 subjects each (eight males and
eight females) participated in this study. The study
was approved by the Institutional Review Board at
Rutgers University. The subjects had little or no
previous experience with the RM-IT or other VR
interfaces.

5.1. Experimental protocol

The first group, "Control’, was given 1.5 min to
interact with two spheres that represented the
compliance of hard and soft ‘tumors’. The com-
pliance of the background represented liver tissue.
The second group, ‘Experimental’, was given five
minutes to accomplish the same task. All partici-
pants were instructed to discriminate between the
feedback due to hard and soft tumors. The
participants were then asked to identify the hard-
ness of a tumor, if found.

Fig. 6. Feedback to user on tumor identification.
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Fig. 7. Average search time. O: control, x: experimental, H! and H2: hard tumor, St and S2: soft tumor,
N1 and N2: no tumor.

Each subject was presented with six consecutive
liver cases which contained either one tumor or no
tumor. The liver cases were presented in the
following sequence for all subjects; soft tumor, hard
tumor, soft tumor, no tumor, hard tumor, no tumor.
The subjects were not aware of this sequence. During
the training period, the subjects were told to indicate
their tumor location and compliance as follows. If a
tumor was found, the subject was instructed to place
their index finger over the tumor and press ‘H’ for
hard tumor, or ‘S’ for soft based on their recollection
of the training spheres. If no tumor was found, the
subject was told to press ‘N’ on the keyboard. The
significance of the difference between the means of
both groups was evaluated using analysis of variance
(ANOVA) [18].

5.2. Results

SEARCH TIME: The average search time for the
control group (58.6 s) was not significantly different
from that of the experimental group (61.5s,
p > 0.05). Figure 7 illustrates the average search
time for each subject. The subjects in both groups
required more time to locate the soft tumors than the
hard tumors.

Tumor compliance: the control group found an
average of 3.69 of the four tumors while the training
group located and average of 3.88 (p > 0.05). Of the
tumors found, the hardness of the tumor was
correctly identified an average of 2.44 times (out of
3.69) by the control group while the training group
was correct 2.69 times (out of 3.88) (p > 0.05).

Of the six liver cases presented to the subjects, two
contained a hard tumor and two contained a soft
tumor. Within the control group, significantly more
hard tumors (1.44) were detected and correctly
identified than soft tumors (1.00), p < 0.04. In the
experimental group, the difference between the
number of hard tumors detected and correctly
identified (1.5) and the number of soft tumors
identified (1.19) was not statistically significant,
p > 0.05.

As shown in Table 1, the experimental group
detected 20% more soft ‘tumors’ than the control
group.

Positional errors: along the x-axis, the positional
errors were not significantly different between the
control group (1.3 cm) and the experimental group
(1.12 cm), p > 0.05. The positional errors along the
y-axis were not significantly different between the
control group (0.93 cm) and experimental group
(0.95 cm), p > 0.05. Figure 8 illustrates the Euclidean
error for each tumor detected.

There was no statistically different result for the
male vs female participants in any of the categories.

Table 1. Number of tumors identified®

Control Experimental
Soft tumor 1.00+0.52 1.1940.75
Hard tumor 1.44+0.63 1.50+:0.52

2Adapted from [3]. © 1987 IEEE Reprinted by permis-
sion.
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5.3. Discussion

Both the experimental and control groups were
able to locate almost all the tumors they were
presented with. The control group located 92% of
the tumors while the experimental group located
97% of the tumors. Once a tumor was located, both
groups were able to correctly identify its compliance
more than half of the time. The control group
correctly identified the compliance of the tumors
66% of the time, while the experimental group was
correct 69% of the time.

The control and experimental groups required
approximately the same amount of time to make a
diagnosis. Of the four tumor cases, the effect of
learning was more pronounced in the control group.
The learning for the experimental group may have
occurred during the training period.

Since the difference in compliance between the
liver tissue and the tumors is greater for the hard
tumors, the participants were more likely to identify
the hard tumors. This result correlates with FEA
results. Furthermore, the soft tumor deforms as force
is applied which makes the detection difficult. This
was shown in the FEA plots.

The experimental group, which had more training
in VR did better, by 20%, on the diagnosis of soft
‘tumors’ than the control group. The users were able
to locate the tumors with minimal error even though
this was their first encounter with virtual reality. The
users were more likely to locate a tumor if a
thorough search was conducted.

For most of the measured variables (with the
exception of soft tumor detection), the control and

control, X: experimental.

experimental groups obtained similar results, with
the experimental group having slightly better results.
This may mean that either the training methods need
improvement, or that the task did not require
extensive training.

6. CONCLUSIONS

These proof-of-concept research results show that
VR can be combined with force feedback to create a
realistic and robust training system for medical
palpation skilis.

The simulation goes beyond giving simple pulses
or kicks when a surface is contacted. All forces felt
during the simulation are calculated from engineer-
ing techniques, whether they come from simple
spring models of the surface or from careful
experimental testing of phantom models. Analytical
techniques such as finite element modeling (FEM)
have been performed off line to determine exactly
how much force should be encountered in a given
situation. This has reduced the need for more
extensive experimental testing of phantom models.

The human factors study indicates there was little
difference between the ability of the control and
training groups to locate tumors within the simula-
tion. The study results imply that the user can readily
identify tumors with little training, but differentiating
the type of tumor (soft or hard) requires additional
training time.

This simulation allows the user to interact with the
anatomy to touch and learn about how certain
diseases will feel when they are encountered in a
future examination. The system has the potential to
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be expanded to a larger and more detailed anatomi-
cal model. Because the entire body model exists, the
user could choose from a library of medical
procedures for training. The current efforts are
aimed towards development of breast self-examina-
tion (BSE) training tools. It is believed that this type
of training tools should revolutionize the way
training education is performed. However, careful
force measurement of actual malignant tumor
palpation (not phantoms) needs to be done. Finally,
human factors tests need to involve medical students
and input from expert physicians.
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