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Natalia Sanchez-Tamayo?!, Glebys Gonzalez!, Naveen Madapana!, Molly O’Brien’, Yexiang Xue PhD!, Richard Voyles PhD!, Vaneet Aggarwal PhD!, Gregory Hager PhD3, Major Andrew W. Kirkpatrick,

CD, MID, MHSR, FRCSC, FACS*>, Major Steve Overholser MD, FACS®, Juan P. Wachs, PhD 1
Ipurdue University, West Lafayette, Indiana, USA ’Indiana University School of Medicine, Indianapolis, Indiana, USA 3Johns Hopkins University, Baltimore, Maryland, USA
“Foothills Medical Centre, Calgary, Alberta, Canada >Canadian Forces Medical Services, Ottawa, Ontario, Canada *Womack Army Medical Center, Fort Bragg, North Carolina, USA

Learning Objectives Project Overview Results on Transfer learning
‘ Iden.tify the chéllenges i”V°|_V9d in deploying a variety of We created the DESK (Dexterous Surgical Skill), a database of surgical
surgical robots in the battlefield. gestures collected using three diverse robotic platforms. < N -
* Discuss how knowledge gained from the simulation G il vl e Taurus |l robot YuMi robot \
environment can be leveraged to accelerate learning in 4 N =
deployable robots with different kinematic chains. Video frames A~ | \
* Understand the relationship between surgical gestures Convolutional Neural Network ~ Image Features W
and robotics performance using common machine I Features of the full [y ing
] S
lea rning methods. Kinematic Features e CI::Sri?ieC;rJ\deon
[T e K
Background and Motivation " position, /
o S - orientation, o K — K \ R
« . gripper state

Future battlefield medical operations call for robotic systems
that can provide patient care at the point of injury.
Autonomous behavior in such systems is key for situations

of limited bandwidth, latency, and loss-of-signal. Skills Surgeme classification results show that using simulation data during
learned in controlled scenarios, where data is abundant, training enhances the performance on the real robot with limited data.
should be transferable to deployable system where data Figure 3. Robot systems in the DESK dataset We obtained an accuracy of 55% on the real Taurus training only on
might be limited. We trained three supervised models using two sets of features: simulator data, yet that accuracy improved to 82% when the ratio of real

Features used Models Trained to simulated data was increased to 0.18 in the training set. The inclusion
of image features increased the classification accuracy of the models
solely based on robot kinematics.

Figure 5. Architecture of machine learning framework for surgme classification
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Our experiments displayed the knowledge transfer of surgical skills -
from source (controlled domain) to target scenario (potentially E"%@—d
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austere). The source domain was a simulated Taurus platform, and the Kinematic + Visual accuracy: 94%

target domain were the real robots (Taurus and YuMi). The models
were trained with data coming from the simulator and real domains.
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Results show that the source domain can be used to augment the training
data to build learning models in the target domain. The implications of
this are that surgical data from the OR can be used for deployable surgical
robots on the battlefield.
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CONTROLLED SCENARIOS: ROBOTS DEPLOYABLE IN-FIELD:
OR PROCEDURES, SIMULATION COULD HAVE DIFFERENT TOPOLOGIES

Figure 2. Library of robotic skills Figure 4. Transfer learning for surgeme classification
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