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Surgical simulator-trainer for percutaneous needle

biopsy procedures using virtual and physical phantoms

Develop quantitative metrics and assessment tools

with customized training

Design a framework to study and compare the

performance/ fidelity of the simulator across different

categories

Virtual/ Haptic 

Simulation

Subject studies for comparative analysis between experts and 

trainees surgical patterns, performance of different haptic devices, 

analyzing fidelity of haptic models etc…

Teleoperation framework for instructor-student teaching

Extend the existing RBFN to transient systems
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Soft Tissues Model Parameterization/ Results
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Determining  Material 

Model Parameters

Biopsy – Current Scenario

Experimental Setup

FE Model Data

Applied Forces Vs Nodal 
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Real World Virtual World

Haptic Device Surgical  ConsoleHuman User

Skin Surface

HUMAN MACHINE

Sensors

Sensors

Muscles

Actuators

θ1

Computation

Visualization

Procurement of small tissue samples from

internal organs like kidney, liver, lung etc.

“See one, Do one, Teach one”

-Trainees expected to develop sense of “touch”

- Inadequate, non-uniform and improper training

methods

Statistics: 20 million Americans are affected with

chronic kidney disease, of which 50000 have

kidney cancer. Net government expenditure > $2

billion on the treatment of kidney cancer.
[http://www.nkdep.nih.gov]
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Force feedback 

Joystick

Falcon

HD2
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Physical

Simulation

Virtual/ Haptic

Simulation

Useful for fast and accurate

response prediction of nonlinear

models and highly parallelizable

Suitable for real-time haptic

feedback for soft tissue surgical/

medical simulations

Radial Basis Function Network- Approximation

Material Model Fitting Parameters

Goals

Future Work
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Results (RBFN Based FEA Approximation)

Physical and Virtual/ Haptic Operation- Device Setup

Physical Simulation

Error in Predicted 

Force for Prescribed 

Displacements

Case

1D Cantilever, 

Static Analysis, 6 

node

Input Measurement or 

Simulated Data: (xi, yi)

Check: xi – µj < εmin …(1)

yi - f(X) < emin …(2)

RMS error < erms …(3)

Augment µj+1 = xi , to 

node arrays and 

update network

Update network 

parameter vector by 

Extended Kalman Filter

Yes

No

End of Data

Neural network 
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Yes

No

µj - Position of RBFN nodes

X- neural network parameter 
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2D Cantilever, 

Static Analysis, 8 

node

Force

Transducer

Tactile Force

Sensor

Motion tracking cameras
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Haptigrams 

Needle and Hand 

Motion Estimation from

MoCap System

Used to determine “hapticity” of different

materials

Useful to compare tremors of trainees with

smoothened force distribution of experts

 
Insertion Retraction 
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RBFN
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Update network 

parameter vector by 
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End of Data
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