Pixel-accurate Segmentation of Surgical Tools based on Bounding Box Annotations

George Leifmant!, Amit Aides?, Tomer Golany!, Daniel Freedman!, Ehud Rivlini, Petachia Reissman?
1 Verily Life Sciences, 2 Google Research, 3Shaare-Zedek Medical Center

Methods
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Results
The key novelty of our approach relates to the use of |yyg compare our results to SOTA on EndoVis2017 and EndoVis2019 datasets. When no pixel-accurate segmentation

training data which is inexpensive and fast to acquire. annotations is provided, we automatically generate the segmentation for training data. The accuracy of this model is

similar to SOTA. Furthermore, incorporating our synthetic data into training significantly improves the results, achieving
SOTA results based on weak annotations only.
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Conclusions

We introduced a novel approach for instrument segmentation in laparoscopic surgeries that relies on weak and fast annotations provided as bounding boxes of the surgical instruments. To
achieve an accurate automatic generation of the segmentation based on bounding boxes only, we employed the recently proposed DeepMAC method. Our approach achieved SOTA results
based on weak annotations only. The evaluation was performed on various instrument segmentation datasets proposed during the last few years. In the future we plan to extend our work
from binary segmentation to instrument and instrument part segmentation. We also plan to explore how our synthetic data can enable the 3D pose estimation of the instruments.
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