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Abstract: As the number of robotic surgery procedures has increased, so has the importance
of evaluating surgical skills in these techniques. It is difficult, however, to automatically and
quantitatively evaluate surgical skills during robotic surgery, as these skills are primarily associated
with the movement of surgical instruments. This study proposes a deep learning-based surgical
instrument tracking algorithm to evaluate surgeons’ skills in performing procedures by robotic
surgery. This method overcame two main drawbacks: occlusion and maintenance of the identity of
the surgical instruments. In addition, surgical skill prediction models were developed using motion
metrics calculated from the motion of the instruments. The tracking method was applied to 54
Video Segments and evaluated by root mean squared error (RMSE), area under the curve (AUC),
and Pearson correlation analysis. The RMSE was 3.52 mm, the AUC of 1 mm, 2 mm, and 5mm were
0.7, 0.78, and 0.86, respectively, and Pearson’s correlation coefficients were 0.9 on the x-axis and
0.87 on the y-axis. The surgical skill prediction models showed an accuracy of 83% with Objective
Structured Assessment of Technical Skill (OSATS) and Global Evaluative Assessment of Robotic
Surgery (GEARS). The proposed method was able to track instruments during robotic surgery,
suggesting that the current method of surgical skill assessment by surgeons can be replaced by the
proposed automatic and quantitative evaluation method.
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1. Introduction

Most types of robotic surgery require training, with a classic learning curve eventually resulting
in consistent performance [1]. It is important to repeatedly evaluate the surgical skills of each surgeon
learning robotic surgical procedures to determine that surgeon’s current position on the learning curve.
Surgical proficiency in laparoscopic surgery, a type of minimally invasive surgery, has been evaluated
using the Objective Structured Assessment of Technical Skill (OSATS) [2]. Moreover, proficiency in
robotic surgery, currently the primary type of micro-invasive surgery, has been evaluated using the
Global Evaluative Assessment of Robotic Skills (GEARS) [3].

Qualitative assessment methods such as OSATS and GEARS are subjective, being based on
questionnaires [4,5]. In addition, these methods have limitations in that surgeons need to see and
evaluate long-term surgical procedures. An automatic and quantitative method of evaluation for robotic
surgery is needed therefore to overcome the limitations of these subjective methods [6]. The main items
of OSATS and GEARS are related to the movement of surgical instruments (SIs), resulting in enhanced
situational awareness [7]. Application of an SI tracking algorithm to surgical images may automate
the evaluation of long-term surgical processes. This evaluation may be quantified by determining the
motions of the SI and calculating nine specifically defined motion metrics related to surgical skills.

Current methods of evaluating surgical skills during robotic surgery include the use of the da
Vinci Skills Simulator (dVSS). The simulator presents various tasks to surgeons, such as ring and rail,
in virtual robotic surgery environments and evaluates surgeons’ proficiencies based on its inbuilt
evaluation criteria [8,9]. However, virtual robotic surgery is a practice environment for novice surgeons,
differing greatly from actual surgical environments.

Surgical skills have been determined by quantitatively measuring SI movements in actual surgical
environments [10,11]. Although kinematics methods estimating mechanical movements of SIs have
been used to calculate the relationship between each joint of these SIs [10–13], these methods can result
in cumulative errors in the calculation of the motions of each joint [7]. Moreover, these methods are
inapplicable to most surgical robots, except for some research equipment, because they are prevented
from approaching the values of kinematic joints [10,11,14].

Image-based methods can directly recognize the SIs in robotic surgery views. Moreover,
image-based methods have other advantages because they do not require external equipment and
can therefore be applied to surgical robots made by other manufacturers and to laparoscopic surgery.
Traditional image processing approaches, however, are limited in detecting SI tips in complex
robotic surgery views [15,16]. A deep learning-based approach has been found to overcome these
limitations and has been applied to several tasks during robotic surgery, such as classification [17,18],
detection [19,20], segmentation [21], and pose estimation [22,23] of SIs, phase identification [24,25],
and action recognition [26]. These methods are limited with respect to determining the trajectory of SIs.
Semantic segmentation methods applied to robotic surgery images recognize occluded instruments as
a single object when the SI locations are close or overlapping [27,28]. Maintenance of the identity of
each SI is critical for accurate determination of SI trajectory [29,30]. The identity of SI is easily changed
mainly when the SI goes out of the screen or is close to another SI.

The present study proposes a system that quantitatively assesses the surgical skills of a surgeon
during robotic surgery by visual tracking of SIs using a deep learning method. The algorithm consists
of two frameworks: instance segmentation for occlusion and tracking for maintaining types of SIs.
This method was able to stably track the tip positions of SIs in patients with thyroid cancer undergoing
robotic thyroid surgery with a bilateral axillo-breast approach (BABA) and in a BABA training
model [31,32]. The trajectory of the instruments enabled calculation of defined motion metrics [33],
which were used to develop a system for quantitative assessment of surgical skills.
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2. Materials and Methods

2.1. Study Design

A deep learning-based tracking algorithm of multiple SIs was developed to assess surgical
skills in robotic surgery. Figure 1 shows an overview of the surgical skill assessment system used
in robotic surgery. The system consists of two processes, the SI tracking algorithm and the surgical
skill assessment.

J. Clin. Med. 2020, 9, x FOR PEER REVIEW 3 of 15 

 

2. Materials and Methods 

2.1. Study Design 

A deep learning-based tracking algorithm of multiple SIs was developed to assess surgical skills 
in robotic surgery. Figure 1 shows an overview of the surgical skill assessment system used in robotic 
surgery. The system consists of two processes, the SI tracking algorithm and the surgical skill 
assessment. 

 
Figure 1. Overview of the surgical skill assessment system in robotic surgery. (a) Surgical instrument 
tracking algorithm. The pipeline consisted of a deep learning-based instance segmentation framework 
and a tracking framework. Accurate trajectory of the surgical instruments was determined by surgical 
instrument tip detection and arm-indicator recognition. (b) Assessment of surgical skills. Motion 
metrics (e.g., instruments out of view) were calculated based on the acquired trajectory of surgical 
instruments and used to develop a surgical skill assessment system. 

The SI tracking algorithm is a pipeline of deep learning-based algorithms involving an instance 
segmentation framework and a tracking framework, along with image processing methods to detect 
the tips of SIs and to recognize indicators (Figure 1a). The outputs of the instance segmentation 
framework were a bounding box and a mask of instruments on a surgical view (Figure 2a). The results 
of the bounding box were input into the tracking framework, involving each SI frame by frame to 
maintain the type of instruments over time (Figure 2b). The mask results were used to detect the 
positions of SI tips. To accurately determine the trajectory of each SI, it was necessary to detect the 
position of its tip, not its center [34]. An indicator recognition algorithm was applied to determine the 

Figure 1. Overview of the surgical skill assessment system in robotic surgery. (a) Surgical instrument
tracking algorithm. The pipeline consisted of a deep learning-based instance segmentation framework
and a tracking framework. Accurate trajectory of the surgical instruments was determined by surgical
instrument tip detection and arm-indicator recognition. (b) Assessment of surgical skills. Motion
metrics (e.g., instruments out of view) were calculated based on the acquired trajectory of surgical
instruments and used to develop a surgical skill assessment system.

The SI tracking algorithm is a pipeline of deep learning-based algorithms involving an instance
segmentation framework and a tracking framework, along with image processing methods to detect the
tips of SIs and to recognize indicators (Figure 1a). The outputs of the instance segmentation framework
were a bounding box and a mask of instruments on a surgical view (Figure 2a). The results of the
bounding box were input into the tracking framework, involving each SI frame by frame to maintain
the type of instruments over time (Figure 2b). The mask results were used to detect the positions of SI
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tips. To accurately determine the trajectory of each SI, it was necessary to detect the position of its
tip, not its center [34]. An indicator recognition algorithm was applied to determine the moment of a
laparoscopy usage and the status of an identified SI during robotic surgery. This prevented changes in
laparoscopic views and errors due to immobile but present SIs in these views from being included in
the trajectory.
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Figure 2. Overview of the instance segmentation and tracking frameworks. (a) The instance
segmentation framework was trained with three types of training datasets: the bilateral axillo-breast
approach (BABA) training model, patients, and a public database. (b) The tracking framework,
consisting of a tracker and a sequence of re-identification algorithms. Spatial-temporal re-identification
(ST-ReID) was trained with bounding boxes of all types of surgical instruments. Bag of visual words
re-identification (BOVW-ReID) was applied after ST-ReID.

Throughout the process of SI tracking, surgical skills were evaluated based on the acquired
trajectory. Motion metrics [33] are quantitative indices, mainly related to the movement of SIs [7] in
robotic surgical environments (Figure 1b). Nine types of motion metrics were defined, with the metrics
calculated based on SI trajectories. In addition, surgical skill scores were determined by surgeons
based on selected items related to SI motions in OSATS [2] and GEARS [3]. Finally, calculated motion
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metrics were used to develop a model predicting the surgical skills of novice, skilled, and expert robotic
surgeons. This retrospective study was approved by the Institutional Review Boards of Seoul National
University Hospital (IRB No. H-1912-081-1088).

2.2. Surgical Procedure

The BABA to robotic thyroid surgery is a minimally invasive method used worldwide [32,35,36].
First, small incisions about 1 cm in size were placed on both sides of the axillae and the breast areolae,
and the robot was docked to remove the thyroid gland. A view similar to that of traditional open
thyroidectomy and the sophisticated arm movements of the robot provide surgical stability. A BABA
training model enabling surgeons to practice has been developed [31]. The video datasets used are
segments from the beginning to the locating of the recurrent laryngeal nerve (RLN) during thyroid
surgery. Because injury to the RLN is a major complication of thyroid surgery, it is important to
preserve RLN function during thyroid surgery [37].

2.3. Dataset

Several types of daVinci surgical robots were used (S, Si, and Xi), along with four types of SIs:
bipolar, forceps, harmonic, and cautery hook. The developed algorithm was applied to two types of
surgical image. The first was a surgical image of a BABA training model developed for thyroid surgery
training [31,32]; subjects tested on this image included students, residents, and fellows. The second
was a surgical image of a patient with thyroid cancer; subjects tested on this image included fellows
and professors.

These two surgical images were used as training and test datasets. Training datasets were used
for two kinds of deep learning-based frameworks. The dataset used to train the instance segmentation
framework consisted of 84 frames from the BABA training model, 454 frames from patients, and 1766
frames from an open database [38]. The data used to train spatial-temporal re-identification (ST-ReID)
in the tracking framework consisted of 253 frames from patients (Table 1).

Table 1. Training datasets for the instance segmentation framework and spatial-temporal re-identification.

Training Dataset
No. of
Videos

Total No. of
Frames

Types of Surgical Instrument

Bipolar Forceps Harmonic Cautery Hook

BABA training model
(Instance Segmentation Framework [39]) 10 84 158 82 - -

Patients with thyroid cancer
(Instance Segmentation Framework [39]) 2 454 311 194 141 311

Public database [38]
(Instance Segmentation Framework [39]) 8 1766 1.451 1351 - -

Patients with thyroid cancer
(ST-ReID [40]) 3 253 99 77 81 58

BABA, bilateral axillo-breast approach; ST-ReID, spatial-temporal re-identification.

Test datasets consisted of 14 videos from the BABA training model and 40 videos from patients.
Test video lengths ranged from 1121 to 40,621 frames, with a 23 fps. A detailed description of the test
datasets is given in Supplementary Table S1.

2.4. Instance Segmentation Framework

The instance segmentation framework, Mask R-CNN [39], consisted of sequence algorithms of
region proposal networks (RPN) [41] for detecting SIs and semantic segmentation networks (Figure 2a).
Unlike semantic segmentation methods applied to robotic surgery images [42,43], the proposed instance
segmentation method separates occluded instruments during the first stage of RPN, followed by
application of a semantic segmentation network during the next stage. Surgical instruments that were
only partially visible on the screen were defined as indistinguishable. Therefore, the datasets were



J. Clin. Med. 2020, 9, 1964 6 of 15

trained using a binary cross-entropy loss to approach a binary rather than a multi-class classification
task (Supplementary Figure S1).

2.5. Tracker in Tracking Framework

The positions of the SIs determined by the instance segmentation framework, the bounding boxes,
must be assigned to the next frame of the same SIs. The tracking framework was designed to associate
the identification of an SI to the next identification of that SI and maintain these associations over
frames. The framework consisted of a cascade structure, a tracker, and a re-identification method.

The tracker used in this study was a deep simple online and realtime tracker (deep SORT) [26],
which associated target SIs in consecutive video frames using spatial and temporal information
(Figure 2b). The algorithm operated in the following order. The final bounding box was selected from
among the bounding box candidates through a non-maximum suppression method [31] as a result
of the instance segmentation framework. Next, the Kalman filter [44] using time information and
the intersection-over-union (IOU) using spatial information were applied to associate the identity of
SIs that move over time. A Hungarian algorithm was used for optimization of the final selection in
association with SIs [45].

2.6. Re-Identification in Tracking Framework

Re-identification (ReID) was applied to the result of Deep SORT because the existing identity of
an SI can change when an SI moves out of view or when SIs cross in close proximity. In addition,
the maximum number of SIs that appear on the robot surgery view was set at three, thus limiting the
number of SIs.

In the proposed ReID method, offline and online learning algorithms were applied sequentially.
ST-ReID [40] is an offline learning algorithm that trains all types of SIs in advance, whereas bag of
visual words re-identification (BOVW-ReID) [46] is an online learning method applied for secondary
verification. The moment the prior ST-ReID predicted changes in the identity of SIs, the visual features
of the SIs during 10 previous frames were trained, and BOVW-ReID was applied.

2.7. Arm-Indicator Recognition on the Robotic Surgery View

The arm indicators that could have affected the trajectory consisted of instrument arm status and
camera arm indicators. The instrument arm status indicator on both sides of the screen indicated
the SI currently in use. Therefore, these indicators reflected the movement of two or fewer SIs
actually being used rather than the movement of the SI that appeared in the robotic surgery view.
Recognition of the camera arm indicator confirmed the movement of the laparoscope during the
operation. The appearance of the camera arm indicator on the robotic surgery view indicated movement
of the laparoscope; however, movement of the screen may have incorrectly indicated movement of
the SI. Although varying according to the type of surgical robot, the positions of both indicators were
fixed on the view and appeared when an event occurred. To recognize the arm-indicator, template
matching [47] was applied to the robotic surgery view. Because the shape and the position of the
indicators were fixed, the template of each arm-indicator was stored in advance.

2.8. Surgical Skill Prediction Model Using Motion Metrics

Two surgeons reviewed recorded videos of surgeons being trained using the BABA training model
and of surgeons performing thyroid surgery on patients with thyroid cancer [48,49]. Parts of items and
related motion metrics in OSATS and GEARS were scored [31,50]. The defined items included time
and motion, instrument handling, and flow of operation and forward planning in OSATS, as well as
bimanual dexterity, efficiency, and robotic control in GEARS. Each item was scored from one to five
with a total of 15 grades, as shown in Supplementary Table S2.

Based on the acquired trajectories, motion metrics, mainly related movements of SIs, were used to
develop a surgical skill prediction model. Seven metrics associated with motion were included [9,33,51]:
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time to completion of surgery, instruments out of view, instrument collision, economy of motion,
average speed, number of movements, and economic factors. Two additional metrics related to the
robotic surgery environment, surgical instrument changes and laparoscopy usage, were also included
(Supplementary Table S3).

The surgical skill prediction models were developed using these nine calculated motion metrics
as well as ground truth from OSATS and GEARS scores. The total number of tested videos was
54, with these datasets divided into 40 training and 12 test sets. Surgical skill prediction models
were developed using machine learning methods, a linear classifier, a support vector machine
(SVM), and random forest, with the model predicting three groups consisting of novice, skilled,
and expert surgeons.

In the training process, five-fold cross validation was applied, and the class imbalance issue was
solved by applying the synthetic minority over-sampling technique (SMOTE) [52]. SVM used the
Gaussian kernel, with the external hyperparameter optimized through training being a regularization
parameter. Additionally, the random forest was trained based on the Gini impurity, with the external
hyperparameters optimized through training being the number of trees and the maximum depth of
the tree. The selected hyperparameters were trained and fine-tuned during 500 epochs.

3. Results

3.1. Results of the Instance Segmentation Framework

Figure 3 shows the qualitative results of the instance segmentation framework in the BABA
training model and in a patient with thyroid cancer. This result shows that, even when occlusion
occurs between surgical instruments, each instrument can be recognized. Supplementary Video S1
also shows the segmentation results for the videos.

J. Clin. Med. 2020, 9, x FOR PEER REVIEW 7 of 15 

 

The surgical skill prediction models were developed using these nine calculated motion metrics 
as well as ground truth from OSATS and GEARS scores. The total number of tested videos was 54, 
with these datasets divided into 40 training and 12 test sets. Surgical skill prediction models were 
developed using machine learning methods, a linear classifier, a support vector machine (SVM), and 
random forest, with the model predicting three groups consisting of novice, skilled, and expert 
surgeons. 

In the training process, five-fold cross validation was applied, and the class imbalance issue was 
solved by applying the synthetic minority over-sampling technique (SMOTE) [52]. SVM used the 
Gaussian kernel, with the external hyperparameter optimized through training being a regularization 
parameter. Additionally, the random forest was trained based on the Gini impurity, with the external 
hyperparameters optimized through training being the number of trees and the maximum depth of 
the tree. The selected hyperparameters were trained and fine-tuned during 500 epochs. 

3. Results 

3.1. Results of the Instance Segmentation Framework 

Figure 3 shows the qualitative results of the instance segmentation framework in the BABA 
training model and in a patient with thyroid cancer. This result shows that, even when occlusion 
occurs between surgical instruments, each instrument can be recognized. Supplementary Video S1 
also shows the segmentation results for the videos. 

 

Figure 3. Qualitative results of the instance segmentation framework. Recognition of occlusion 
between surgical instruments located close together or overlapping (red: bipolar (i); pink: bipolar (ii); 
green: forceps; blue: harmonic; yellow: cautery hook). (a) Application of sample results to the bilateral 
axillo-breast approach (BABA) training model. (b) Application of sample results to patients. 

3.2. Evaluation of the Tracking Framework 

Cumulative matching characteristics (CMC) [53], shown in equation (1), were used to evaluate 
the proposed tracking method at the moment the identity of SI predicted by the previous deep SORT 
algorithm was not maintained. Table 2 shows the comparative performance of ReID methods. Before 
applying the ReID methods, when only Deep SORT was applied, the accuracy of applying the ReID 
method was measured by setting the ratio of the identity of SIs to 0% as a reference point. The 
evaluation metric ranked at most three types of SI samples according to their distances to the query. 
The combination of ST-ReID with BOVW-ReID showed accuracy 93.3% with the BABA training 
model and 88.1% in patients with thyroid cancer. 

Figure 3. Qualitative results of the instance segmentation framework. Recognition of occlusion between
surgical instruments located close together or overlapping (red: bipolar (i); pink: bipolar (ii); green:
forceps; blue: harmonic; yellow: cautery hook). (a) Application of sample results to the bilateral
axillo-breast approach (BABA) training model. (b) Application of sample results to patients.

3.2. Evaluation of the Tracking Framework

Cumulative matching characteristics (CMC) [53], shown in Equation (1), were used to evaluate
the proposed tracking method at the moment the identity of SI predicted by the previous deep
SORT algorithm was not maintained. Table 2 shows the comparative performance of ReID methods.
Before applying the ReID methods, when only Deep SORT was applied, the accuracy of applying
the ReID method was measured by setting the ratio of the identity of SIs to 0% as a reference point.
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The evaluation metric ranked at most three types of SI samples according to their distances to the
query. The combination of ST-ReID with BOVW-ReID showed accuracy 93.3% with the BABA training
model and 88.1% in patients with thyroid cancer.

Accuracy1 =

{
1
0

i f top1 ranked SI samples contatin the query identity
otherwise

(1)

Table 2. Comparative performance of re-identification methods.

ReID Method BABA Training Model (Rank-1) Patients with Thyroid Cancer (Rank-1)

BOVW-ReID [46] 68.3% 57.9%
ST-ReID [40] 91.7% 85.2%

BOVW-ReID [46] + ST-ReID [40] 93.3% 88.1%

ReID, Re-identification; BABA, bilateral axillo-breast approach; BOVW-ReID, bag of visual words re-identification;
ST-ReID, spatial-temporal re-identification.

3.3. Trajectory of Multiple Surgical Instruments and Evaluation

Figure 4 shows the trajectory of multi-SI tip, as determined by the proposed tracking algorithm.
Procedure for detecting the SI tip is described in Supplementary Materials and Supplementary Figure S2.
The differences between the algorithm-based determination of the tip position and the ground truth,
labeled at 2 frames per second (23 frames), were determined. The root mean squared error (RMSE)
averaged 2.83 mm for the BABA training model and 3.75 mm in patients with thyroid cancer.

The unit of distance that each SI moved was converted from pixels to millimeters because the width
and the height of each image were dependent on the type of da Vinci robot used. Thus, depending
on the degree of magnification of the laparoscope, errors may have occurred when calculating the
movement of the actual SIs. For unit conversion, the thickness of the surgical instrument was measured
in advance (8 mm), and the thickness shown on the first screen was measured in pixels units. Therefore,
through proportional relationships, the motion of each SI in pixels was converted to millimeters in all
surgical images [54].

This system also measured whether the end position of the SI predicted by the algorithm was
within 1, 2, and 5 mm of the end position of the SI on the screen [22]. True positive and false positive
results were obtained using a confusion matrix. Therefore, area under the curve (AUC) could be
calculated by plotting a receiver operating characteristic (ROC) curve using true positive and false
positive rates (Supplementary Figure S3).

The mean AUC for errors within 1, 2, and 5 mm were 0.73, 0.83, and 0.92, respectively, in the
BABA training model and 0.69, 0.76, and 0.84, respectively, in patients with thyroid cancer. Finally,
Pearson’s correlation analysis, performed to assess the similarity between predicted trajectories and
ground truth, showed that these trajectories were 0.93 (x-axis) and 0.91 (y-axis) in the BABA training
model and 0.89 (x-axis) and 0.86 (y-axis) in thyroid cancer patients (Table 3).

Table 3. Comparative performance of methods detecting the tips of surgical instruments. Evaluation
methods included determinations of average root mean square error (RMSE; mm), average area under
the curve (AUC; 1, 2 and 5 mm), and average Pearson correlation coefficient (x-axis and y-axis) between
tip positions determined by the algorithm and ground truth.

Test Dataset (No. of Videos) No. of
Frames

RMSE
(mm)

AUC
(1 mm)

AUC
(2 mm)

AUC
(5 mm)

Pearson-r
(x-axis)

Pearson-r
(y-axis)

BABA training model (n = 14) 125,984 2.83 ± 1.34 0.73 ± 0.05 0.83 ± 0.02 0.92 ± 0.02 0.93 ± 0.02 0.91 ± 0.04
Patients with thyroid cancer

(n = 40) 387,884 3.7 ± 2.29 0.69 ± 0.04 0.76 ± 0.06 0.84 ± 0.03 0.89 ± 0.03 0.86 ± 0.03

Average (n = 54) 513,868 3.52 ± 2.12 0.7 ± 0.05 0.78 ± 0.06 0.86 ± 0.05 0.9 ± 0.03 0.87 ± 0.04

BABA, bilateral axillo-breast approach; RMSE, root mean square error; AUC, area under the curve; Pearson-r,
Pearson’s correlation coefficient.
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3.4. Performance of the Surgical Skill Prediction Model using Motion Metrics

The OSATS and the GEARS scores of the two surgeons showed intra-class correlation coefficients
(ICC) of 0.711 and 0.74, respectively. Each motion metric item was normalized to the operation time
and then to the metric.

The performances of a linear classifier, SVM, and random forest surgical skill prediction models
were compared. The models were optimized by hyperparameter tuning, with the random forest
showing the highest accuracy. The random forest model had the highest performance and accuracy of
83% with OSATS and 83% with GEARS. Figure 5 shows a comparison of the performance of these
surgical skill prediction models. In addition, the relative importance of motion metrics was analyzed
in OSATS and GEARS. As shown in Figure 6, the most important metric in both OSATS and GEARS
was economy of motion, followed by the instrument being out of view.
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4. Discussion

To the best of our knowledge, this is the first deep learning-based visual tracking algorithm
developed for a quantitative surgical skill assessment system. Conventional methods of evaluating
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surgical skills such as OSATS [2] and GEARS [3] were based on assessments of recorded videos during
robotic surgery from 0 to 30 grades. Because SI movements are associated with surgical skills, the newly
proposed quantitative assessment method used a tracking algorithm to determine the trajectories of
multiple SIs, showing an accuracy of 83% when compared with conventional methods.

Previously described SI tracking algorithms are limited by occlusion among different SIs and by
multiple SIs being recognized as a single SI [27,28]. SI identity cannot be maintained over time because
SIs have similar appearances, especially when only parts are visible [55,56]. The proposed method
overcomes occlusion using an instance segmentation framework and overcomes identity maintenance
using a tracking framework. Accurate determination of SI trajectories enables the calculation of motion
metrics and the quantitative evaluation of surgical skills.

The SI tracking algorithm was developed based on robotic surgical environments. In this study,
four types of SIs were used, but if only the shaft of the SI appeared on the surgical screen, it could not be
discerned, thus we approached the binary classification problem that distinguishes the SI (foreground)
from the background. In addition, SI may be difficult to discern when it is covered by tissues or when
only a part is visible during surgery [20]. Therefore, to minimize errors resulting from segmentation,
the tracking algorithm used temporal information to determine the type of SI. The described tracking
algorithm is typically used in a tracking framework to track pedestrians [30,40]. The maximum
number of SIs viewed during robotic surgery is three, limiting the number of objects recognized by the
proposed algorithms. An arm-indicator recognition algorithm was applied to reflect a robotic surgery
environment in which an SI appears but does not actually move. Specifically, the instrument arm
status indicator provides information about the two activated SIs in use, with the camera arm indicator
determining the moment the laparoscope was moved, preventing errors resulting from the trajectory
of the immobile SI.

Our findings also confirmed that the four most important metrics in OSATS and GEARS were the
same: economy of motion, instruments out of view, average speed, and instrument switch. The video
datasets used in this study were Video Segments from the beginning of surgery to the locating of
the RLN during thyroid surgery. Therefore, the relative importance of the motion metrics may differ
depending on surgical sites and tasks.

This study had several limitations. First, the proposed system was applied to Video Sets of
training model and patients with thyroid cancer who underwent BABA surgery. It is necessary to
verify the effectiveness of the proposed system using various surgical methods and surgical areas.

Second, we could not directly compare the performances of the kinematics and proposed
image-based methods because access to the da Vinci Research Interface is limited, allowing most
researchers only to obtain kinematic raw data [10]. However, previous studies have reported that
the kinematics method using da Vinci robot had an error of at least 4 mm [57]. Direct comparison
of performance is difficult because the surgical images used in the previous study and in this study
differed. However, the average RMSE of the proposed image-based tracking algorithm was 3.52 mm,
indicating that this method is more accurate than the kinematics method and that the latter cannot be
described as superior.

The performance of the current method with the previous visual method could not be directly
compared because no similar study detected and tracked the tip coordinates of the SIs. However, studies
have used deep learning-based detection methods to determine the bounding boxes of the SIs and to
display the trajectory of the center points of these boxes [19,20]. Nevertheless, because this approach
could not determine the specific locations of the SIs, it cannot be considered an accurate tracking
method intuitively. Comparison of the quantitative performance of the proposed method and other
approaches is important, making it necessary to compare different SI tracking methods.

Third, because SIs are detected on two-dimensional views, errors may occur due to the absence
of depth information. Errors of magnification were therefore minimized by measuring the width
of SIs on the view and converting pixels to millimeters. However, methods are needed to utilize
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three-dimensional information based on stereoscopic matching of left and right images during robotic
surgery [58,59].

Fourth, because the proposed method is a combination of several algorithms, longer videos
can result in the accumulation of additional errors, degrading the performance of the system.
Thus, in particular, it is necessary to train additional negative examples with the instance segmentation
framework, which is the beginning of the pipeline. For example, gauze or tubes on the robotic surgery
view can be recognized as SIs (Supplementary Figure S4).

Finally, because errors from re-identification in the tracking framework could critically affect
the ability to determine correct trajectories, accurate assessment of surgical skills requires manual
correction of errors (Supplementary Figure S5).

5. Conclusions

The system proposed in this study can track surgical SIs automatically using deep learning-based
visual tracking methods and enable the quantitative assessment of surgical skills. This proposed
system may effectively educate students who require training in robotic surgery and will improve the
surgical skills of surgeons accustomed to performing robotic surgery.
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and validation datasets. Figure S2: Procedure for detecting the tip of surgical instruments. Figure S3: Area under
the curve (AUC) calculation method of the coordinates of the surgical instrument tip predicted by the algorithm.
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Description of test datasets. Table S2: Description of Object Structured Assessment of Technical Skills (OSATS)
and Global Evaluative Assessment of Robotic Surgery (GEARS) with relevance to motion metrics. Table S3:
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