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Video S1. Qualitative result of instance segmentation framework.

Surgical instrument tip detection
The SI tip detection algorithm was applied because the tip position more accurately reflected the movement of the SI than a detection algorithm tracking the center of each SI bounding box [1]. SI tips were detected by applying a binary SI mask, which resulted from the instance segmentation framework. The starting point was determined by considering the number of SI masks contacted among eight defined sections a certain distance from the edge of the view. A skeletonization algorithm was applied to the SI mask [2], and the position of the SI tip in the skeletonized SI was determined by calculating the longest accumulated distance from the starting point. Finally, the kalman filter was applied to minimize outliers [3,4] (Figure S2).
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Figure S1. Plot of model loss on the training and validation datasets. (a) Loss of bounding box in the instance segmentation framework. (b) Loss of mask in the instance segmentation framework. (c) Loss of spatial-temporal re-identification.  
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Figure S2. Procedure for detecting the tip of surgical instruments. (a) Surgical instrument mask from the instance segmentation framework. (b) Starting point detection in the mask from edges of the view. The area located at a certain distance from the edge, and the area at which the mask overlaps was determined. The starting point (blue) was based on the number of contacted sections at a certain distance from the edge of the view. (c) Application of the skeletonization algorithm to the mask to determine the main skeleton. After calculating the skeleton, update the position of the starting point (green) to the nearest position in the skeleton. (d) Determination of the tool tip position (red) within the skeleton by calculating the longest accumulated distance from the starting point, and kalman filter was applied.
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[bookmark: _GoBack]Figure S3. Area under the curve (AUC) calculation method of the coordinates of the surgical instrument tip predicted by the algorithm. Red, yellow, and blue circles indicate the range of 1, 2, and 5mm from the surgical instrument tip, respectively.
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Figure S4. Errors in instance segmentation framework. (Top: Original, Bottom: Result of instance segmentation framework) (a-b). False negatives resulting from sudden movements of a surgical instrument. ©. False positive, in which part of a surgical instrument is recognized as a single object. (d). False positive case, in which a non-surgical instrument is recognized as a surgical instrument.
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Figure S5. Errors in tracking framework. (a-b). Errors in which the identity of surgical instruments was switched following occlusion.







Table S1. Description of test datasets. The test dataset consisted of 14 videos of the axillo-breast approach (BABA) to thyroid surgery and 40 videos of patients. The number of scenes is the number of segmented videos at the point of time when laparoscopy was used.
	Test dataset
	Video no.
	No. of scenes
	Total no. of frames
	Video no.
	No. of scenes
	Total no. of frames

	BABA training model
	1
	6
	11,087
	8
	1
	7,639

	
	2
	7
	6,978
	9
	6
	10,687

	
	3
	11
	7,638
	10
	3
	10,744

	
	4
	4
	10,086
	11
	1
	10,763

	
	5
	6
	7,323
	12
	1
	7,298

	
	6
	2
	6,140
	13
	2
	11,174

	
	7
	2
	11,285
	14
	2
	7,142

	
	Total
	54
	125,984
	-
	-
	-

	Patients with thyroid cancer
	1
	2
	2,869
	21
	19
	22,748

	
	2
	6
	16,489
	22
	5
	3,570

	
	3
	2
	7,262
	23
	4
	8,375

	
	4
	8
	32,846
	24
	16
	2,832

	
	5
	3
	6,260
	25
	8
	11,227

	
	6
	8
	15,401
	26
	5
	8,483

	
	7
	6
	18,587
	27
	5
	1,875

	
	8
	7
	6,909
	28
	11
	9,212

	
	9
	7
	18,249
	29
	10
	13,359

	
	10
	5
	11,967
	30
	21
	40,621

	
	11
	2
	8,202
	31
	2
	2,831

	
	12
	3
	4,710
	32
	4
	5,587

	
	13
	5
	8,407
	33
	5
	3,452

	
	14
	1
	2,357
	34
	3
	3,511

	
	15
	8
	9,787
	35
	16
	7,140

	
	16
	7
	11,046
	36
	22
	20,494

	
	17
	6
	6,009
	37
	9
	9,209

	
	18
	2
	1,121
	38
	13
	3,584

	
	19
	5
	11,236
	39
	4
	3,307

	
	20
	5
	4,613
	40
	1
	2,140

	
	Total
	281
	387,884
	-
	-
	-




Table S2. Description of Object Structured Assessment of Technical Skills (OSATS) and Global Evaluative Assessment of Robotic Surgery (GEARS) with relevance to motion metrics.
	No.
	Object Structured Assessment of 
Technical Skills [9]
	Relevance to motion metrics
	Global Evaluative Assessment
of Robotic Surgery [10]
	Relevance to motion metrics

	1
	Respect for tissue
	X
	Depth of perception
	X

	2
	Time and motion
	O
	Bimanual dexterity
	O

	3
	Instrument handling
	O
	Efficiency
	O

	4
	Knowledge of instruments
	X
	Force sensitivity
	X

	5
	Use of assistants
	X
	Autonomy
	X

	6
	Flow of operation and 
forward planning
	O
	Robotic control
	O

	7
	Knowledge of 
specific procedure
	X
	-
	-



Table S3. Description of motion metrics. Motion metrics were defined in reference to the robotic surgical environment, and consist primarily of movements of surgical instruments and numbers of laparoscopes. 
	No.
	Motion metrics
	Description

	1
	Time to complete (s) [11]
	Total time from the beginning to end of all surgical procedures

	2
	Instruments out of views (s) [11]
	Total distance traveled by all instruments when not in view

	3
	Instrument collision (n) [11]
	Number of times one instrument collided with another instrument

	4
	Economy of motion (mm) [11]
	Total distance traveled by instruments

	5
	Average speed (mm/s) [12]
	Rate of change of the instrument’s position in the image

	6
	Number of movement (n) [13]
	Number of times beyond an acceleration of tolerance threshold

	7
	Economy of Area (-) [12]
	Relationship between the maximum image area occupied by the instrument and the total distance

	8
	Instrument switch (n)
	Number of surgical instrument type changes

	9
	Laparoscopy usage (n)
	Number of times of laparoscopy usage
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