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Abstract

. In this paper, we propose an artificial intelligence (AI) service that plays a supportive role in robot

assisted-surgery using deep learning algorithm that have recently been spotlighted in several fields. The proposed Al

service is equipped with the ability to segment surgical tools and the ability to recognize the behavior of surgical tools.

In addition, such Al service is opened using public web page to make them easier for surgeons to use. Models

mounted on Al service are segmentation deep learning model and action recognition deep learning model. The

segmentation deep learning model showed a final mloU performance of 0.867 for seven surgical tools, and the action

recognition deep learning model shows an accuracy of 86.96% for the opening and closing actions of all surgical tools.
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Fig 7. Confusion matrix of surgical tool segmentation
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Table 1. Distribution of surgical tool action recognition

close open
train 57295 14640
val 6838 1926
test 712 2226

N .
E2 4% ©7 UM oA MEE

Table 2. Accuracy for surgical tool action recognition

number of
Model accuracy
params

ResNet18 1M 0.8287
ResNet34 21M 0.8360
ResNet50 256M 0.8658
ResNet101 44M 0.8588
ResNet152 60M 0.8609
ResNeXt50_32x4d 25M 0.8696
ResNeXt101_32x8d 88M 0.8555
Wide_ResNet50_2 68M 0.8503
Wide_ResNet101_2 126M 0.8549
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