Autonomous Wound Closure

Machine learning model to autonomously perform JOHNS HOPKINS

surgical wound closure

WHITING SCHOOL

I of ENGINEERING
Team: Natalie Smith, Thuy Anh-Le, Shaun Ku

Mentors: Dr. Axel Krieger, Dr. Andrey Zuskov, Jesse Haworth, Haoying “lack” Zhou, Anton Deqguet

Introduction Process & Results

Clinical Background
Suturing is a necessary, yet tedious task involved in 300
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Our goal is to develope a machine learning model to
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Our autonomous wound closure framework has the
potential to:

e Reduce wound closure variability and time

e Minimize surgeon time in operating room

e Improve quality and ease of dVRK data collection
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Our Project Scope (shown in Green):
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. . . . We collected an initial dataset with 7 hours of dVRK
Previous work in autonomous suturing has achieved teleoperated data on varying wound lengths and suture
some success on individual subtasks within suturing, pads
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but never full wound closure.

Unfortunately, the dVRK left master tool manipulator
was damaged and we were unable to continue data
collection

Materials and Methods

Training & Testing

Conclusion

Initial Results: We found that our results for the
needle puncturing and pull through subtasks were

Data Collection: Through teleoperating the da Vinci Reasearch

Kit SI, we continuously recorded the following data points most successful on smaller, uniform wounds

We conducted 20,000 epochs of Action Chunking
Transformer (ACT) training

By increasing the synchrony of camera, kinematics, and
timestamp data, we were able to improve data collection
infrastructure with the dVRK SI. While we were not able to
collect enough data due to robot damage, we hope to train a

Model Training Data Offline Evaluation | model which can autonomously produce the full continuous
Variation MAE Metric e baseball suture in the future.
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wound datasets

e Wrist Camera Images (L & R)
Endoscope Camera Images (L & R)
Patient Side Manipulator cartesian
positions

Endoscopic Camera Manipulator
cartesian positions
Timestamps
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