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Semi-supervised Surgical Video Workflow Recognition Based on Convolution Neural Network
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Abstract The real-time and robust open surgery workflow automatic detection will be the core component of the future artificial
intelligent medical operation room. The key technology combined with other artificial intelligence technologies can help medical
staff to automatically and intelligently complete a number of routine activities in the operation. However, the use of artificial intel-
ligence and computer vision for surgical workflow recognition requires a large amount of data to be learned. In order to train this
method,a large amount of labeled surgical video data is required. However,in the medical field,the labeling of surgical video data
requires expert knowledge,and collecting enough numbers of marked surgical video data is difficult and time-consuming. There-
fore,in this paper,the video data of laparoscopic cholecystectomy data is taken as the research object,the video spatial feature ex-
traction is carried out by convolution self-encoder with semi-supervised learning method,and combined with a pair of video frames
in the context of the same video for sequential feature extraction. The unstructured surgical video data is structured to build a
bridge between the video characteristics of low-level surgery and the semantics of high-level surgical procedures,trying to realize
the intelligent recognition of the surgical workflow at a low cost,and effectively determining the progress of the surgical work-
flow. Finally,the jaccard coefficient of the proposed algorithm in this paper on a public dataset is 71. 3% and the accuracy is
86. 6% ,achieving good experimental results.
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Table 1 Surgical procedure stage
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1 trocar placement
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calot triangle dissection
clipping and cutting
gallbladder dissection
galbladder packaging
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Table 2 CAE network
W B Jace Prec Rec
trocar placement 53.4 70.0 73.0
preparation 39.9 56.8 80.9
CalotTriangleDissection 62.0 90.5 69.9
clipping and cutting 53.3 73.4 72.9
gallbladder dissection 53.1 67.3 80.6
galbladder packaging 61.1 95.8 70.4
CleaningCoagulation 51.1 66. 4 69.8
gallbladder retraction 47.8 66.5 64.4
3 52.7 68.3 —
%3 CTD M
Table 3 CTD network
e Jace Prec Rec
trocar placement 68.2 80. 4 83.2
preparation 54.3 67.4 85.3
CalotTriangleDissection 70.5 95.2 74.3
clipping and cutting 64.2 81.4 80.3
gallbladder dissection 71.4 75.3 74.2
galbladder packaging 66.7 97.3 74.5
CleaningCoagulation 53.9 69. 4 67.3
gallbladder retraction 72.4 78.9 76.3
F 65.2 80.7 -
#F 4 CAE+CTD M %%
Table 4 Network of CAEQ.CTD
W B Jace Prec Rec
trocar placement 70.4 85.2 80. 3
preparation 72.2 89.1  8l.2
CalotTriangleDissection 75.3 97.8 72.1
clipping and cutting 70.3 85.2 75.2
gallbladder dissection 69.5 87.2 76.4
galbladder packaging 80.3 98.0 70.5
CleaningCoagulation 60. 1 70.2 69.8
gallbladder retraction 72.5 80.2 77.5
1 71.3 86.6 —
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