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Abstract
Aim: Automated surgical skill assessment is poised to become an invaluable asset in surgical residency training. In 
our study, we aimed to create deep learning (DL) computer vision artificial intelligence (AI) models capable of 
automatically assessing trainee performance and determining proficiency on robotic suturing tasks.

Methods: Participants performed two robotic suturing tasks on a bench-top model created by our lab. Videos were 
recorded of each surgeon performing a backhand suturing task and a railroad suturing task at 30 frames per second 
(FPS) and downsampled to 15 FPS for the study. Each video was segmented into four sub-stitch phases: needle 
positioning, targeting, driving, and withdrawal. Each sub-stitch was annotated with a binary technical score (ideal 
or non-ideal), reflecting the operator’s skill while performing the suturing action. For DL analysis, 16-frame 
overlapping clips were sampled from the videos with a stride of 1. To extract the features useful for classification, 
two pretrained Video Swin Transformer models were fine-tuned using these clips: one to classify the sub-stitch 
phase and another to predict the technical score. The model outputs were then combined and used to train a 
Random Forest Classifier to predict the surgeon's proficiency level.
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Results: A total of 102 videos from 27 surgeons were evaluated using 3-fold cross-validation, 51 videos for the 
backhand suturing task and 51 videos for the railroad suturing task. Performance was assessed on sub-stitch 
classification accuracy, technical score accuracy, and surgeon proficiency prediction. The clip-based Video Swin 
Transformer models achieved an average classification accuracy of 70.23% for sub-stitch classification and 68.4% 
for technical score prediction on the test folds. Combining the model outputs, the Random Forest Classifier 
achieved an average accuracy of 66.7% in predicting surgeon proficiency.

Conclusion: This study shows the feasibility of creating a DL-based automatic assessment tool for robotic-assisted 
surgery. Using machine learning models, we predicted the proficiency level of a surgeon with 66.7% accuracy. Our 
dry lab model proposes a standardized training and assessment tool for suturing tasks using computer vision.
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INTRODUCTION
Deep learning (DL) models, particularly those in Computer vision (CV), have rapidly advanced over the last 
five years. CV, a form of artificial intelligence (AI), enables machines to recognize and interpret images 
using DL algorithms. In recent years, CV models have been increasingly applied in the healthcare field. 
Given the large amount of video-based data, minimally invasive surgery remains an apt field for applying 
these CV models. In the last few years, CV in minimally invasive surgery has already been able to achieve 
task segmentation, object detection, and gesture recognition[1-4].

Technical skill assessment remains integral to surgical training. Surgical performance in the operating room 
is key to good patient outcomes[5]. Current technical skill evaluation such as video-based assessment 
remains time-consuming and provides subjective, sometimes unactionable feedback. Due to this, 
constructing a framework for automated skills assessment is of the utmost importance. In open surgery, 
other methods, such as tracking hand movement, have also been utilized for automatic assessment. 
Grewal et al. utilized an inertial measurement unit to collect data on hand movements to automatically 
assess surgical skills, while Azari et al. assessed surgical skills using CV on hand movements[6,7].

Robot-assisted surgery is becoming widespread. However, currently, there is no validated, universal robot 
training curriculum or assessment for surgical trainees. Fundamentals of laparoscopic surgery (FLS) has 
been created for the training and assessment of surgical residents in laparoscopy. Residents are required to 
pass the FLS assessment before being board-eligible[8]. Accreditation for robotic surgery, however, lacks 
standardization and is based largely on case experience, leading to a large amount of variability in robotic 
training. Multiple international studies have made attempts to advance robotic curriculums; however, there 
is still a need for standardization, especially with rapidly developing technologies[9-12]. Past studies have 
worked on creating automatic assessment algorithms using CV for FLS. Lazar et al. utilized CV to 
differentiate between experts and novices performing the Peg Transfer task on the FLS trainer[13], while 
Islam et al. designed a video-based system capable of providing task-specific feedback during the FLS 
task[14].

However, for robotic-assisted surgery, limited automatic assessment tools exist. Ma et al. have been able to 
create an algorithm to automatically provide feedback for robotic suturing[15,16]. These studies are the first to 
provide automatic assessment and feedback of robotic suturing in simulation and dry lab models for 
vesicourethral anastomosis.
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In our study, we also aim to design a dry lab model for basic robotic suturing skills and create DL CV 
models capable of automatically assessing the performance of a trainee on suturing tasks. We further aim to 
determine if the participants are proficient at robotic suturing or need more practice.

METHODS
Study design and participants
Twenty-seven surgeons were recorded while completing two repetitions of two robotic tasks, backhand 
suturing and railroad suturing, on a bench-top model created by our lab. The bench top model consisted of 
artificial skin padded by packaging foam taped to a wooden block, as shown in Figure 1. This was placed 
inside a robotic simulation abdominal cavity.

The railroad suturing task consisted of performing a running stitch by driving the needle from one side to 
the opposite of the wound, and then re-entering next to where it exited. The backhand suturing exercise 
involves performing a continuous stitch by guiding the needle from the side closest to the operator to the 
opposite side.

Videos were recorded at 30 frames per second (FPS) and downsampled to 15 FPS for the study. This 
prospective cohort study was approved by the Institutional Review Board of Northwell Health (IRB 23-069).

Video segmentation and data labeling
Video of each suturing task was broken down into a sequence of four sub-stitch phases: needle positioning, 
needle targeting, needle driving, and needle withdrawal [Figure 1]. Using Encord (Cord Technologies 
Limited, London, UK), every video was first temporally labeled into the four sub-stitch phases and then 
each sub-stitch was annotated with a binary technical score (ideal or non-ideal) based on a previously 
validated model[15,17]. The ideal/non-ideal classification reflects the operator’s skill while performing the 
suturing action. The annotators were all surgical residents and trained by a senior surgical resident. The 
annotators and engineers were blinded to the participants and experience levels when performing the 
annotations and building the model. Sub-stitch annotations (labels) were mapped into frame annotations.

CV model
Our proposed system leverages a multi-model approach to surgical skill assessment. We employ two 
distinct video DL models that are trained on overlapping 16-frame clips with a stride of 1 extracted from the 
videos: the first model classifies the clip into one of the four sub-stitch phases or a background (no action) 
class, while the second model classifies the clip into a binary technical score. These models use the Video 
Swin Transformer architecture to capture spatiotemporal features within the surgical workflow. To generate 
a comprehensive skill assessment, the individual model predictions are aggregated and fed into a Random 
Forest Classifier, which produces a final classification of trainee skill level, categorized as either “Proficient” 
or “Trainee”. Proficient in suturing was based on a case experience of 50 robotic cases. This was then 
confirmed by a video review by two minimally invasive fellowship-trained attendings. This multi-faceted 
approach aims to provide a robust and objective evaluation of surgical competency in robotic surgery 
training [Figure 2].

At 15 fps, 16 frames correspond to 1.067 s of video time, which constitutes a very short period for the 
models to identify what suturing sub-stitch is taking place, and if any mistakes are made during the sub-
stitch. Rather than naively increasing the clip size, which results in a larger memory footprint, we 
introduced a dilation (frame skip) of 15 frames between consecutive frames of the clip, resulting in an 
effective clip length of ~17 s. We employ dilation in both train and test phases, which improved sub-stitch 
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Figure 1. (Top-left to Bottom-right) Example frames for Needle Positioning, Needle Targeting, Needle Driving, and Needle Withdrawal 
sub-stitch actions from the backhand suturing task.

classification accuracy by ~11% and technical score prediction by ~5%.

RESULTS
Twenty-seven surgeons participated in the suturing tasks [Table 1]. The surgeons ranged from post 
graduate year (PGY) 1 to attendings with greater than 10 years’ experience. The average robotic case 
experience was 50 cases +/- 156 cases. A total of 102 videos, consisting of 51 videos for the backhand 
suturing task and 51 videos for the railroad suturing task, spanning 891,384 frames, were evaluated. A total 
of 862,038 frames were annotated. We employed 3-fold cross-validation across the surgeons and averaged 
the results from the held-out surgeons across the folds. Performance was assessed on sub-stitch 
classification accuracy, technical score accuracy, and surgeon proficiency prediction. The clip-based Video 
Swin Transformer models achieved an average accuracy of 70.23% for sub-stitch classification and 68.4% for 
technical score prediction on the test folds [Table 2]. The confusion matrix for sub-stitch classification and 
technical score prediction across all videos is presented in Figure 3, with the darker cells representing more 
samples, labeled by their proportion within the dataset. Combining the model outputs, the Random Forest 
Classifier achieved an average accuracy of 66.7% in predicting surgeon proficiency [Figure 4]. The 
importance of input features to the Random Forest Classifier was analyzed using mean decrease in impurity 
(MDI), revealing that the Needle Driving feature with a technical score of “Ideal” is the most significant in 
determining surgeon proficiency [Figure 5].

DISCUSSION
This study shows the feasibility of creating a dry lab model and DL-based automatic assessment tool for 
robotic-assisted surgery. Our results show that our CV algorithm is capable of assessing the proficiency level 
of a surgical trainee with an accuracy of 66.7% utilizing surgical videos.
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Table 1. Participant demographics

All (n = 27) Trainees (n = 20) Attendings (n = 7)

Female n (%) 10 (37%) 9 (45%) 1 (14%)

Right dominant hand n (%) 24 (88.9%) 18 (90%) 6 (86%)

Robotic case experience (median +/- SD) 50 +/- 156 45 +/- 32 186 +/- 231

PGY level (for residents) (median +/- SD) N/A 3 +/- 1.27 N/A

Years experience after training (attendings) (median +/- SD) N/A N/A 8.7 +/- 6.01

PGY: Post graduate year; N/A: not applicable.

Table 2. Performance of each model in the system using 3-fold cross-validation across held-out surgeons. For technical score 
prediction models, we assume the type of suturing exercise (backhand, railroad) is known prior and apply the corresponding model

Technique Model Average weighted F-1 
score

Average macro F-1 
score

Average 
accuracy

Sub-stitch classification Video swin 
transformer

0.6452 0.6400 0.7023

Technical score prediction - 
backhand

Video swin 
transformer

0.7185 0.7155 0.7259

Technical score prediction - railroad Video swin 
transformer

0.6430 0.6364 0.6411

Surgeon proficiency prediction Random forest 
classifier

0.6266 0.5805 0.6665

This study represents one of the first to utilize AI to automatically assess surgical trainees on a specific 
robotic surgery task. This study underlines the ability of AI-assisted assessment tools as an effective 
educational tool for surgical trainees in identifying their proficiency and potentially providing feedback. 
While Ma et al. developed the first AI-based video feedback tool for robotic suturing, their study 
participants had no robotic surgical experience and, therefore, focused on improving tasks rather than 
determining proficiency[16]. Our model is able to provide feedback while also determining the skill level of 
the trainee.

Suturing is a fundamental surgical skill, and proficiency in this skill implies mastery of many technicalities, 
such as needle angulation, insertion point, depth, and tissue manipulation. By breaking down the suturing 
tasks into four sub-stitches: needle positioning, needle targeting, needle driving, and needle withdrawal, 
trainees can understand what specific needle movements they need to practice while maintaining a 
standardized taxonomy. This specific suturing taxonomy, based on prior research, allows us and future 
researchers to have a reproducible methodology around automatic supervised learning suturing 
assessment[15,17].

These surgical techniques are vital for surgical trainees to practice more specific movements in a controlled 
setting before they perform surgery on a patient. It also allows surgical attendings to gain trust in their 
trainees prior to operating in a real clinical setting based on their robotic proficiency score.

This preliminary study shows only the feasibility of creating this type of model to assess the skill level of a 
trainee, with an accuracy of 66.7%. While the model does need to be improved, its current accuracy allows 
for identifying which residents need extra practice. Only six of the participants were false negatives in our 
study [Figure 3]. Although the accuracy rate is only 66.7%, having residents practice more and then attempt 
the dry lab again will only improve their skills and therefore the model can be utilized to pick out those 
trainees who need more practice.  However, we do aim to improve our accuracy in the future with a larger 
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Figure 2. Illustration of the end-to-end system to predict trainee proficiency level.

sample size and more annotations to train our model.

This study was limited by the number of participants. With a larger video training set, we aim to be able to 
improve our model to enhance accuracy. This dry lab model was also a preliminary model. The model can 
be improved for better object and task recognition by CV. For example, utilizing a larger needle or larger 
suture size may allow more differentiation between the background and the needle for the CV algorithm to 
better pick up the needle movements. In the future, this could be assessed by a separate pre-assessment 
model to determine how well CV is doing in object identification. With the rapid improvement in CV 
models, this model could even be further optimized with the use of not only object identification but also 
gesture recognition. Otiato et al. showed that surgical gestures during dissection can vary based on 
experience and correlate with patient outcomes[18]. Using a multi-modal model on a dataset with an 
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Figure 3. Confusion matrix for: (Top) Technical Score Prediction across both Backhand and Railroad Tasks; (Bottom) Suturing Sub-
stitch Classification. Values have been normalized to represent the percentage of total data. The X-axis represents the prediction while 
the Y-axis represents the actual sub-stitch.
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Figure 4. Confusion matrix for surgeon proficiency prediction based on 27 participants. The X-axis shows predicted labels and the Y-
axis shows true labels.

increased sample size in the future will help us increase the accuracy of our model. However, this study is a 
first step to creating an automatic assessment and training tool for surgical trainees that does not require a 
large time burden for expert surgeons.

With its continued prevalence and popularity, robotic surgery needs a standardized curriculum and 
assessment for training. Specifically, an objective evaluation method with a limited time burden on expert 
surgeons is a crucial need in robotic training. This study provides a clinically relevant proposal to improve 
robotic surgical education. This dry lab model proposes a standardized training tool for suturing tasks 
utilizing CV for automatic assessment. This relieves the time burden on surgical experts of video-based 
assessment and removes the subjectivity of an individual expert. It also allows for standardized feedback 
based on needle movements. This model can be utilized in the future to ensure trainees are at an adequate 
level before operating on patients to improve surgical safety.
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Figure 5. Feature importance analysis from the Decision Tree Classifier for surgeon proficiency prediction using MDI. MDI: Mean 
decrease in impurity.
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