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Abstract 
Accurate and objective assessment of surgical skill is crucial for improving training 

outcomes, ensuring patient safety, and enabling scalable evaluation across clinical and 

simulation contexts. Current approaches often depend on subjective human ratings or 

unimodal analysis, limiting reliability and applicability in real-world settings. We propose a 

novel multimodal deep learning framework that integrates visual and kinematic data to 

evaluate surgical proficiency automatically. Our method leverages YOLOv8 and BYTE 

Tracker for surgical tool tracking and trajectory extraction, an autoencoder for encoding tool 

motion, ResNet-50 for deriving semantic features from heatmap density plots, and a 

SlowFast-R50 backbone for capturing spatio-temporal video cues. These latent features are 

fused and input to a 1D convolutional neural network to predict expert-assigned skill scores. 

On a JIGSAWS simulation benchmark (consisting of 103 videos), our model achieved a 

Spearman correlation of 0.85 in 4-fold cross-validation and 0.87 in a leave-one-user-out 

evaluation, which outperforms prior approaches. On a Biotissue dataset (205 videos 

including GJ, PJ, HJ), fusing kinematic and visual features yielded a top Spearman 

correlation of 0.67 (GJ dataset) and 0.69 (PJ dataset). These results demonstrate our 

framework’s scalability, robustness, and potential for clinical deployment. 

Keywords: Automated skill assessment, Spatio-temporal Modeling, AI, Multimodal Fusion 

 



 

Introduction 

Accurate and objective assessment of surgical skill is essential for enhancing patient safety, 

improving surgical education, and ensuring consistent clinical outcomes. Historically, the 

evaluation of technical skills has relied on frameworks such as the Objective Structured 

Assessment of Technical Skills (OSATS)1 and Global Rating Scale (GRS)2. While these 

measures introduced rigor and structure into surgical assessment, they still rely on subjective 

expert ratings, which can be affected by inter-rater variability, limited scalability, and 

significant resource requirements3. 

Recent advances in artificial intelligence (AI), computer vision, and deep learning have 

accelerated the development of automated methods for surgical skill assessment. Leveraging 

the availability of synchronized kinematic and video data, research efforts such as the Johns 

Hopkins University and Intuitive Surgical, Inc., Gesture and Skill Assessment Working Set 

(JIGSAWS)4 have enabled the design and benchmarking of machine learning models for skill 

evaluation. Deep neural networks have demonstrated their ability to model complex spatial and 

temporal patterns inherent in surgical tasks, leading to promising results in both gesture 

recognition and skill classification using Temporal Convolutional Network (TCN) and 

EndoNet models5,6. In earlier studies, researchers explored frequency-based video analysis for 

skill assessment7 and automated assessment systems tailored for surgical training 

environments8. 

However, a significant limitation of many existing approaches is their reliance on either a 

single data modality (e.g., only video or only kinematics) or on precise sensor telemetry 

available primarily in robotic-assisted surgeries9. This restricts their applicability in real-world 

clinical settings, where such comprehensive sensor data may not be available and where data 

variability is high due to factors like camera motion and lighting changes. To address these 

challenges, recent methods have employed multimodal fusion strategies integrating visual, 

kinematic, and event data for more robust and generalizable skill assessment9,10. 

Recently, contrastive learning and transformer-based architectures have emerged as highly 

effective means for automated surgical skill assessment. Unified video-based frameworks, such 

as those proposed by Liu et al.10 and Yanik et al.11, demonstrate strong performance for both 

formative and summative assessment by modeling complex spatio-temporal dependencies 

directly from surgical videos. Building on this foundation, methods such as group-aware 

contrast regression (CoRe + GART)12 introduce exemplar-based learning, where models are 

trained to regress relative skill scores between a candidate video and a set of reference 

exemplars using group-aware regression trees for hierarchical supervision. The Contra-Sformer 



 

framework13 refines this approach by utilizing reference-based multi-head attention, 

contrasting each trial with a “gold standard” expert demonstration and leveraging a regression 

transformer to focus on fine-grained, inter-video skill differences. 

Current models with state-of-the-art performance on the JIGSAWS benchmark, as 

evaluated using the standard 4-fold cross-validation split, include RICA214, which achieves an 

average Spearman rank correlation coefficient (SCC) of 0.92 through a rubric-informed, graph-

based model with calibrated uncertainty estimation. Similarly, Temporal Parsing Transformer 

(TPT)15 utilizes a transformer-based design to obtain a strong average correlation of 0.89. 

Purely video-based approaches including CoRe + GART12 and Contra-Sformer13 demonstrate 

that advanced contrastive regression and attention mechanisms can achieve high predictive 

accuracy (average correlations of 0.85 and 0.81, respectively) without the need for explicit 

kinematic or event sequence inputs. Additional models such as MultiPath-VTPE10 and Video 

Semantic Aggregation (ViSA)16 extend this trend, further validating the potential of 

sophisticated visual and temporal modeling techniques, as they consistently report average 

correlations exceeding 0.80. Collectively, these advances illustrate both the rapid progress and 

the increasing methodological diversity of deep learning approaches in the automated 

assessment of surgical skill. A comprehensive review of automated skill assessment in robotic 

minimally invasive surgery has been provided by Zia et al. and Youssef et al.17,18. Despite these 

advances, an important practical gap remains. Existing methods often achieve strong 

performance either by relying primarily on a single dominant modality or by depending on 

specialized inputs and modeling assumptions that may not be consistently available across 

datasets and assessment settings. In contrast, our framework is designed to support skill 

assessment under availability of variable modality by integrating complementary signals when 

present and by deriving motion-based representations directly from video through tool 

segmentation, tracking, and trajectory extraction when direct kinematic measurements are 

unavailable. This makes the framework adaptable across benchmark and simulation-based 

settings with differing annotation and sensing constraints. 

In this work, we introduce a novel multimodal deep learning framework for automated 

surgical skill assessment, designed to address the limitations of prior approaches. Our method 

integrates multiple complementary feature channels, including spatio-temporal video features 

(V), kinematic motion features (K), and semantic density features (D) extracted from all 

surgical videos. For the JIGSAWS dataset, we further incorporate event sequence features (E) 

and task completion time (P) to leverage its richer annotation. We rigorously evaluate our 

framework on two complementary benchmarks: the JIGSAWS dataset, which offers controlled, 



 

well-annotated simulation data, and the Biotissue dataset, which represents greater clinical 

variability and lacks direct sensor-based kinematics as well as event and task completion time 

annotations. The purpose of this evaluation is to systematically assess the generalizability, 

robustness, and practical effectiveness of our approach across both standardized simulation and 

real-world clinical scenarios. Strong performance using both datasets demonstrates the 

scalability, objectivity, and adaptability of our framework for surgical skill assessment in both 

research and clinical contexts. Although the Biotissue dataset is simulation-based rather than 

clinical, it represents a high-fidelity, procedure-specific training environment within our 

validated robotic curriculum. Our prior work19,20 has shown that performance on the simulated 

gastrojejunostomy and pancreatojejunostomy task is a significant predictor of intraoperative 

technical performance on the same task in the operating room, supporting the translational 

relevance of this simulation setting. However, the present study does not by itself establish 

generalizability to real surgical cases. In addition, extension to laparoscopic settings would 

require further validation and adaptation to differences in camera configuration, instrument 

appearance, motion characteristics, and tracking conditions. 

The primary contributions of this work are: 

• A comprehensive multimodal feature extraction pipeline that unifies spatio-temporal video 

features (V), kinematic features (K), semantic density features (D), and where available, 

event sequence (E) and task completion time (P) information for surgical skill assessment. 

• A robust and generalizable framework validated on both simulated (JIGSAWS: V, K, D, E, 

P) and real-world (Biotissue: V, K, D) surgical datasets. 

• Extensive experimental evidence demonstrates the effectiveness of our method in 

challenging and diverse environments, with systematic ablation across all feature channels. 

 

Results 

Segmentation Performance with YOLOv8 

We fine-tuned YOLOv8, pretrained on COCO, on our Biotissue videos to segment needle 

drivers into wrist, shaft, and jaw parts, labeling each instance as left or right. Initial training on 

1239 manually annotated frames yielded a segmentation performance of mAP@50-95 = 0.57. 

By augmenting the training set with 152 additional masks automatically generated using 

SAM/SAM2 (with YOLOv8 bounding boxes as prompts), we increased the total to 1391 

training images and improved mAP@50–95 to 0.61. Although the gain in segmentation 

accuracy was modest, the SAM2-assisted workflow substantially reduced the burden of manual 

pixel-level annotation, which is labor-intensive and difficult to scale for long surgical videos, 



 

while still enabling efficient expansion of the training set with sufficiently reliable masks for 

downstream trajectory analysis. These results demonstrate that high-quality automated mask 

generation with SAM2 can efficiently expand the annotated dataset and measurably improve 

segmentation performance. 

 

Table 1: Comparison of methods on the JIGSAWS dataset (4-fold). Abbreviations for inputs: 

E, event sequence; K, kinematic features; P, task completion time; V, video features. Other 

abbreviations: 1D-CNN, 1-dimensional convolutional neural network; TPT, temporal parsing 

transformer. Values are reported as mean ± standard deviation. 

 

Method Input features 
Spearman’s correlation coefficient ↑ 

SU NP KT Avg 

Our 1D-CNN V, K, E 0.75 ± 0.14 0.87 ± 0.08 0.90 ± 0.04 0.85 

CoRe + GART12 V 0.84 0.86 0.86 0.85 

ViSA16 V 0.79 0.86 0.84 0.83 

Contra-Sformer13 V 0.69 ± 0.15 0.81 ± 0.11 0.87 ± 0.04 0.81 

RICA214 V 0.92 0.94 0.90 0.92 

TPT15 V 0.88 0.88 0.91 0.89 

MultiPath (VTPE)10 V, K, E, P 0.82 0.76 0.83 0.81 

  Mean absolute error ↓ 

Our 1D-CNN V, K, E 2.88 ± 0.58 2.00 ± 0.65 2.43 ± 0.54 2.44 

Contra-Sformer13 V 2.99 ± 0.75 3.21 ± 1.12 2.10 ± 0.47 2.77 

ViSA16 V 2.70 2.05 2.60 2.45 

 

 JIGSAWS Dataset (4-Fold Cross-Validation and LOUO)  
Performance compared with state-of-the-art approaches is summarized in Table 1, which 

presents the results of recent methods on the JIGSAWS dataset with 4-fold cross-validation, 

including both SCC and MAE where available. Methods included in Tables 1 and 2 were 

selected based on the evaluation settings and metrics reported in the respective source papers. 

Table 1 summarizes 4-fold cross-validation results, whereas Table 2 summarizes leave-one-

user-out (LOUO) results. Because not all prior studies reported results for both protocols, and 

not all studies reported both Spearman’s correlation coefficient and mean absolute error, the 

set of comparison methods differs across tables and metrics. Accordingly, absence of a method 



 

from a given table or metric column reflects lack of directly reported results in the original 

publication rather than exclusion from comparison. Notably, ViSA and Contra-Sformer report 

MAE as well as SCC, so to ensure a fair and comprehensive comparison, we report both these 

metrics in our experiments. In the multimodal setting, our 1D-CNN achieved the highest 

average SCC (0.85) among all methods leveraging multiple input modalities (kinematics, 

video, event, and optionally density or completion time), highlighting the benefits of combining 

complementary information streams. For video-only models, RICA2 attains the highest 

average SCC (0.92), attributable not to a larger or more complex vision backbone, but to its 

novel probabilistic framework that incorporates score rubrics and models prediction 

uncertainty using a graph neural network with stochastic embeddings14. This design leads to 

both accurate score predictions and calibrated uncertainty estimates. Furthermore, our 

approach delivered the lowest MAE (2.44) in absolute terms compared to previous state-of-

the-art approaches, confirming the strong predictive performance of our multimodal model. 

Together, these findings reinforce the importance of modality fusion for robust surgical skill 

assessment and highlight the innovation of RICA2 among video-based approaches. 

 

Table 2: Comparison of methods on JIGSAWS (Leave-one-user-out (LOUO)) (Spearman’s 

correlation coefficients). Abbreviations for inputs: E, event sequence; K, kinematic features; P, 

task completion time; V, video features. Other abbreviations: 1D-CNN, 1-dimensional 

convolutional neural network; KT, knot-tying; NP, needle-passing; SU, suturing. Values are 

reported as mean ± standard deviation. 

 

Method Input Features 
Spearman’s correlation coefficient↑ 

SU NP KT Avg 

Our 1D-CNN K, E 0.74 ± 0.34 0.70 ± 0.29 0.94 ± 0.07 0.83 

Our 1D-CNN V 0.91 ± 0.10 0.86 ± 0.18 0.80 ± 0.26 0.87 

ViSA16 V 0.76 0.90 0.72 0.81 

Contra-Sformer13 V 0.65 ± 0.14 0.71 ± 0.30 0.69 ± 0.19 0.68 ± 0.22 

MTL-VF (C3D)21 V 0.69 0.86 0.83 0.80 

VBA NET11 K 0.49 0.75 0.83 0.72 

MTL-VF (ResNet)21 V 0.68 0.48 0.72 0.64 

MultiPath (VTPE)10 V, K, P, E 0.45 0.65 0.59 0.57 

MultiPath (TP)10 K, P 0.40 0.63 0.55 0.53 



 

MultiPath (VTP)10 V, K, P 0.45 0.52 0.60 0.53 

JRG 3944 V, K 0.35 0.67 0.19 0.40 

AIM 1745 V, K 0.45 0.34 0.61 0.47 

 

      In the LOUO evaluation (Table 2), our model demonstrated strong generalization to unseen 

surgeons by leveraging different combinations of input features. Kinematic and event sequence 

characteristics (K, E) alone yielded a strong average SCC of 0.83, with particularly high 

performance on the knot-tying task (KT; 0.94 ± 0.07), outperforming all previous methods on 

this subtask. Using only visual features (V), our 1D-CNN achieved the best average correlation 

overall (0.87), with outstanding results for suturing (SU; 0.91 ± 0.10) and needle-passing (NP; 

0.86 ± 0.18). Previous state-of-the-art approaches, such as ViSA16 and MTL-VF (C3D, 

ResNet)21 , are reported to have lower average correlations (ranging from 0.64 to 0.81), and 

generally do not match the highest scores achieved by our visual-only or kinematic and event 

models. 

 

Table 3: Four-fold ablation study: Spearman’s correlation coefficients on the JIGSAWS 

dataset. Abbreviations for inputs: D, semantic density features; E, event sequence; K, kinematic 

features; P, task completion time; V, video features. Other abbreviations: KT, knot-tying; NP, 

needle-passing; SU, suturing. Values are reported as mean ± standard deviation. 
 

Input features 
Spearman’s correlation coefficient ↑ 

SU NP KT Avg 

V, K, E, D, P 0.81 ± 0.07 0.82 ± 0.15 0.82 ± 0.06 0.82 

V, K, E, D 0.79 ± 0.06 0.79 ± 0.18 0.79 ± 0.18 0.76 

V, K, E 0.75 ± 0.14 0.87 ± 0.08 0.90 ± 0.04 0.85 

K, E 0.79 ± 0.01 0.51 ± 0.61 0.71 ± 0.18 0.69 

P 0.39 ± 0.12 0.20 ± 0.57 0.47 ± 0.28 0.36 

V 0.62 ± 0.24 0.93 ± 0.05 0.75 ± 0.07 0.80 

 

In 4-fold cross-validation (Table 3), our multimodal approach combining kinematic (K), 

video (V), and event sequence (E) features achieved an average SCC of 0.85 with GRS, 

outperforming strong multimodal baselines such as that of MultiPath10. 



 

We additionally compared the proposed 1D-CNN with alternative regression heads using 

the same PCA-compressed V+K+E feature representation, as this configuration yielded the 

strongest multimodal performance. The results are summarized in Table 4.  

 

Table 4: Comparison of alternative regression heads on the JIGSAWS dataset using the PCA-

compressed V+K+E feature representation under 4-fold cross-validation. Abbreviations for 

inputs: E, event sequence; K, kinematic features; V, video features. Task abbreviations: KT, 

knot-tying; NP, needle-passing; SU, suturing. Values are reported as mean ± standard deviation. 

 

Method Input features 
Spearman’s correlation coefficient ↑ 

SU NP KT Avg 

Linear Regression 

V, K, E 

0.67 ± 0.11 0.48 ± 0.40 0.68 ± 0.20 0.61 

Ridge 0.67 ± 0.11 0.48 ± 0.40 0.68 ± 0.20 0.61 

SVR 0.73 ± 0.05 0.49 ± 0.57 0.67 ± 0.08 0.63 

Random Forest 0.40 ± 0.29 0.19 ± 0.24 0.48 ± 0.13 0.36 

MLP 0.31 ± 0.49 -0.06 ± 0.60 0.61 ± 0.18 0.29 

 

Table 3 presents our detailed ablation study evaluating the effect of different combinations 

of input characteristics on the SCC in all JIGSAWS tasks. We observed that multimodal 

integration of video, kinematics, event sequences, density, and task completion time (V, K, E, 

D, P) achieved the highest SCC for suturing (0.81 ± 0.07), demonstrating the value of modality 

fusion for capturing diverse aspects of surgical skill. In particular, removing density and 

completion time (V, K, E) maintained strong average performance (0.85), with the highest knot-

tying SCC (0.90 ± 0.04), while kinematics alone (K, E) and video alone (V) resulted in lower 

mean correlations and increased variance. 

Because task completion time (P) may act as a shortcut variable, we additionally evaluated 

a P-only baseline in JIGSAWS to assess its independent predictive value. The P-only model 

achieved an average SCC of 0.36, which was substantially lower than the video-only baseline 

(0.80) and the best-performing multimodal configuration V+K+E (0.85). Moreover, adding P 

did not improve performance over V+K+E alone, as the average SCC changed from 0.85 for 

V+K+E to 0.82 for V+K+E+D+P. These results suggest that task completion time alone is not 

a reliable proxy for technical skill in our setting and that the strongest predictive performance 



 

does not depend on P. Accordingly, P should be interpreted as a benchmark-specific auxiliary 

variable rather than a required practical input for skill assessment.  

Notably, the addition of semantic density features (D) to the (V, K, E) configuration resulted 

in a performance decrease (average SCC of 0.76). We attribute this drop to the nature of the 

density plots in the JIGSAWS context; because these plots are generated from 2D Cartesian (x, 

y) coordinates that have been normalized to a [0, 1] range rather than representing absolute 3D 

workspace trajectories, they may introduce significant spatial noise into the semantic 

representation. However, the model’s performance recovered to 0.82 upon the inclusion of task 

completion time (P). This suggests that completion time serves as a powerful global indicator 

of efficiency, providing a high-signal-to-noise ratio that partially offsets the coordinate-based 

noise introduced by the density features. 

To justify the choice of the 1D-CNN regression head, we performed an additional 

comparison using the V+K+E configuration, which yielded the strongest multimodal 

performance in the JIGSAWS ablation study. Specifically, we compared the proposed 1D-CNN 

with several simpler models trained on the same PCA-compressed V+K+E feature 

representation under the 4-fold cross-validation setting, including linear regression, ridge 

regression, SVR with an RBF kernel, random forest, and MLP (Table 4). Among these 

baselines, SVR achieved the highest overall mean Spearman rank correlation (0.63), followed 

by linear regression and ridge regression (both 0.61), whereas random forest and MLP yielded 

lower mean correlations (0.36 and 0.29, respectively). In comparison, the proposed 1D-CNN 

achieved a substantially higher mean Spearman correlation of 0.85 on the same V+K+E 

configuration. These results indicate that the observed performance gain is not attributable to 

PCA-based dimensionality reduction alone, but also to the capacity of the 1D-CNN to model 

nonlinear interactions within the compressed multimodal feature space. 

 

Table 5: Leave-one-user-out (LOUO) evaluation and ablation study on the JIGSAWS dataset. 

Abbreviations for inputs: D, semantic density features; E, event sequence; K, kinematic 

features; P, task completion time; V, video features. Other abbreviations: 1D-CNN, 1-

dimensional convolutional neural network; KT, knot-tying; NP, needle-passing; SU, suturing. 

Values are reported as mean ± standard deviation. 

 

 

 



 

Method Input features 
Spearman’s correlation coefficient ↑ 

SU NP KT Avg 

Our 1D-CNN V, K, E, D, P 0.56 ± 0.40 0.55 ± 0.51 0.78 ± 0.25 0.64 

Our 1D-CNN V, K, E, D 0.78 ± 0.11 0.62 ± 0.30 0.62 ± 0.25 0.68 

Our 1D-CNN V, K, E 0.76 ± 0.26 0.81 ± 0.2 0.73 ± 0.41 0.77 

Our 1D-CNN K, E 0.74 ± 0.34 0.70 ± 0.29 0.94 ± 0.07 0.83 

Our 1D-CNN V 0.91 ± 0.10 0.86 ± 0.18 0.80 ± 0.26 0.87 

 

In the LOUO evaluation on JIGSAWS (Table 5), our multimodal models that combined 

kinematic and event features (K, E) generally achieved lower SCCs than video-only models, 

due to the high user-specific variability in kinematic and event data. These modalities tend to 

capture individual patterns that do not generalize well to unseen surgeons, thus limiting 

predictive accuracy. In contrast, video-based features are more invariant to individual style and 

provide better generalization, as reflected in the video-only model’s superior performance 

(average SCC: 0.87). Despite this challenge, our multimodal approaches, including both the K 

+ E (average SCC: 0.83) and the full (V, K, E, D, P) configuration (average SCC: 0.64) 

outperformed previous multimodal baselines, with all of our variants exceeding the best 

MultiPath (VTPE) result (average SCC: 0.57). This trend is consistent across both LOUO and 

standard 4-fold cross-validation settings, as shown in Table 2 and Table 3. These results 

demonstrate that our framework establishes a new benchmark among multimodal models, even 

as video-only methods remain optimal for generalization to unseen users. 

 

Biotissue Dataset  

As shown in Table 6, our baseline model that uses only kinematic features (K), encoded with 

an autoencoder and RMS kinematic statistics, achieved a mean SCC of 0.47 (±0.08) with expert 

OSATS scores and an MAE of 3.13 (±0.46). Incorporating video features (V) extracted using 

the SlowFast-R50 model led to a substantial improvement, with the combined kinematics and 

video (K + V) model achieving the highest mean SCC (0.67 ± 0.05) and the lowest MAE (2.71 
± 0.43) across all settings. 

 

 

 

 



 

 

Table 6: Performance on the GJ Biotissue dataset (5-fold cross-validation). Abbreviations for 

inputs: D, semantic density features; K, kinematic features; V, video features. Other 

abbreviations: MAE, mean absolute error. Values are reported as mean ± standard deviation. 

 

 

Adding heatmap density features (D) to form the K + V + D configuration further improved 

performance relative to kinematics alone, with an SCC of 0.61 (±0.08) and an MAE of 2.92 

(±0.50). These results suggest that semantic context from tool motion density plots provides 

additional useful information; however, the presence of camera movement and lack of depth 

estimation in the Biotissue dataset can introduce noise, limiting the full potential of the density-

based features. We hypothesize that the limited utility of density heatmaps in Biotissue is partly 

due to camera motion, variable zoom, and the lack of depth information in the 2D 

representation. However, camera motion effects were not explicitly quantified, and stabilization 

or registration baselines were not evaluated in the present study. Overall, these findings 

highlight that integrating temporal kinematic data with visual and semantic information 

delivers a significant boost in performance for automated surgical skill assessment compared 

to using kinematics alone. 

 

Table 7: Performance on the PJ Biotissue dataset (stratified 5-fold cross-validation). 

Abbreviations for inputs: K, kinematic features; V, video features. Other abbreviations: MAE, 

mean absolute error. Values are reported as mean ± standard deviation. 

 

 

Input features Spearman correlation ↑ MAE ↓ 

Only K 0.47 (±0.08) 3.13 (±0.46) 

Only D 0.36 (±0.12) 3.38 (±0.61) 

Only V 0.57 (±0.08) 2.88 (±0.57) 

V, D 0.61 (±0.09) 2.85 (±0.24) 

K, D 0.54 (±0.05) 2.98 (±0.53) 

K, V 0.67 (±0.05) 2.71 (±0.43) 

K, V, D 0.61 (±0.08) 2.92 (±0.50) 



 

 

 

 

 

 

 

 

We further evaluated the framework on the pancreatojejunostomy (PJ) subset of the 

Biotissue dataset. As shown in Table 7, the video-only model (V) achieved a mean SCC of 0.66 

with an MAE of 2.17, while the kinematic-only model (K), encoded using the autoencoder and 

RMS kinematic statistics, achieved a mean SCC of 0.63 with an MAE of 2.29. The combined 

video and kinematic model (K + V) achieved the best overall performance, with a mean SCC 

of 0.69 and the lowest MAE of 2.05. These findings are consistent with the GJ results and 

suggest that integrating visual and motion-based information provides a more effective 

representation for automated skill assessment than either modality alone. Density-based 

features were not included in the PJ experiments because they did not provide consistent benefit 

in the GJ setting, and their utility is likely limited in the current 2D representation by camera 

motion and lack of depth information. 

To further evaluate the choice of kinematic trajectory representation, we compared the 

proposed trajectory-to-image autoencoder with direct sequence encoder baselines based on 

bidirectional long short term memory (BiLSTM) 22,23, TCN, and Transformer architectures 

under both K+V and K-only settings. Each sequence encoder was trained within an autoencoder 

framework to reconstruct the same video-derived tool trajectory inputs, and the learned latent 

representation from the encoder was used as the kinematic trajectory feature. Because the K+V 

configuration achieved the highest Spearman correlation in both the GJ and PJ Biotissue 

experiments, we used this setting to evaluate the effect of different kinematic trajectory 

encoders while keeping the video feature branch and downstream prediction model unchanged. 

Kinematic-only comparisons were also performed to isolate the effect of the trajectory encoder 

without the video feature branch. As in the original Biotissue experiments, K included the 

learned trajectory representation together with handcrafted motion statistics, including RMS 

velocity, RMS acceleration, RMS jerk, total path length. 

 

Table 8: Comparison of trajectory sequence encoders on the GJ Biotissue dataset using the 

best-performing K+V feature setting. K denotes video-derived kinematic features, including 

Input features Spearman correlation ↑ MAE ↓ 

Only K 0.63 (±0.09) 2.29 (±0.45) 

Only V 0.66 (±0.06) 2.17 (±0.45) 

K, V 0.69 (±0.07) 2.05 (±0.28) 



 

trajectory representations encoded by the specified sequence encoder and additional motion 

statistics such as RMS velocity, RMS acceleration, RMS jerk, displacement, and total path 

length. V denotes spatio-temporal video features extracted from surgical video. Abbreviations: 

BiLSTM, bidirectional long short-term memory; TCN, temporal convolutional network; MAE, 

mean absolute error. Values are reported as mean ± standard deviation across 5-fold cross-

validation. 

 

Sequence encoder for K Input features    Spearman correlation ↑ MAE ↓ 

Trajectory-to-image autoencoder 

K, V 

0.67 (±0.05) 2.71 (±0.43) 

BiLSTM sequence encoder 0.56 (±0.07) 2.99 (±0.48) 

TCN sequence encoder 0.59 (±0.06) 2.92 (±0.41) 

Transformer sequence encoder 0.57 (±0.15) 2.99 (±0.33) 

 

For the GJ dataset, the trajectory-to-image autoencoder achieved the highest K+V 

performance, with a Spearman correlation of 0.67 ± 0.05 and MAE of 2.71 ± 0.43 (Table 8). 

The direct sequence encoders achieved lower correlations under the same K+V setting, 

including 0.56 ± 0.07 for BiLSTM, 0.59 ± 0.06 for TCN, and 0.57 ± 0.15 for Transformer. In 

the kinematic-only setting, the BiLSTM sequence encoder achieved a slightly higher Spearman 

correlation than the trajectory-to-image autoencoder, whereas the trajectory-to-image 

autoencoder achieved the lowest MAE (Table 9). The TCN and Transformer encoders showed 

lower overall performance. Although BiLSTM achieved a slightly higher kinematic-only 

correlation on GJ, the trajectory-to-image autoencoder remained the strongest encoder in the 

best-performing K+V configuration, which is the setting used in the final framework. 

 

Table 9: Comparison of trajectory sequence encoders on the GJ Biotissue dataset using 

kinematic features only. K denotes video-derived kinematic features, including trajectory 

representations encoded by the specified sequence encoder and additional motion statistics 

such as RMS velocity, RMS acceleration, RMS jerk, displacement, and total path length. 

Abbreviations: BiLSTM, bidirectional long short-term memory; TCN, temporal convolutional 

network; MAE, mean absolute error. Values are reported as mean ± standard deviation across 

5-fold cross-validation. 

 

 



 

Sequence encoder for K Input features Spearman correlation ↑ MAE ↓ 

Trajectory-to-image autoencoder 

K 

0.47 (±0.08) 3.13 (±0.46) 

BiLSTM sequence encoder 0.48 (±0.11) 3.14 (±0.63) 

TCN sequence encoder 0.43 (±0.15) 3.22 (±0.75) 

Transformer sequence encoder 0.38 (±0.21) 3.26 (±0.48) 

 

For the PJ dataset, the trajectory-to-image autoencoder also achieved the highest K+V 

performance, with a Spearman correlation of 0.69 ± 0.07 and MAE of 2.05 ± 0.28 (Table 10). 

The BiLSTM, TCN, and Transformer sequence encoders achieved lower correlations of 0.55 ± 

0.15, 0.50 ± 0.10, and 0.56 ± 0.12, respectively. In the kinematic-only setting, the trajectory-

to-image autoencoder achieved the highest Spearman correlation and lowest MAE compared 

with all direct sequence encoders (Table 11). These results support the use of the trajectory-to-

image autoencoder as the primary kinematic representation module in the proposed framework. 

 

Table 10: Comparison of trajectory sequence encoders on the PJ Biotissue dataset using the 

best-performing K+V feature setting. K denotes video-derived kinematic features, including 

trajectory representations encoded by the specified sequence encoder and additional motion 

statistics such as RMS velocity, RMS acceleration, RMS jerk, displacement, and total path 

length. V denotes spatio-temporal video features extracted from surgical video. Abbreviations: 

BiLSTM, bidirectional long short-term memory; TCN, temporal convolutional network; MAE, 

mean absolute error. Values are reported as mean ± standard deviation across stratified 5-fold 

cross-validation. 

 

Sequence encoder for K Input features Spearman correlation ↑ MAE ↓ 

Trajectory-to-image 
autoencoder 

K, V 

0.69 (±0.07) 2.05 (±0.28) 

BiLSTM sequence encoder 0.55 (±0.15) 2.36 (±0.47) 

TCN sequence encoder 0.50 (±0.10) 2.40 (±0.31) 

Transformer sequence encoder 0.56 (±0.12) 2.44 (±0.28) 

 



 

Table 11: Comparison of trajectory sequence encoders on the PJ Biotissue dataset using 

kinematic features only. K denotes video-derived kinematic features, including trajectory 

representations encoded by the specified sequence encoder and additional motion statistics 

such as RMS velocity, RMS acceleration, RMS jerk, displacement, and total path length. 

Abbreviations: BiLSTM, bidirectional long short-term memory; TCN, temporal convolutional 

network; MAE, mean absolute error. Values are reported as mean ± standard deviation across 

stratified 5-fold cross-validation. 

Sequence encoder for K Input features Spearman correlation ↑ MAE ↓ 

Trajectory-to-image 
autoencoder 

K 

0.63 (±0.09) 2.29 (±0.45) 

BiLSTM sequence encoder 0.55 (±0.14) 2.33 (±0.43) 

TCN sequence encoder 0.52 (±0.10) 2.39 (±0.34) 

Transformer sequence encoder 0.57 (±0.13) 2.40 (±0.34) 

 

Discussion 

This work presents a unified multimodal deep learning framework for surgical skill assessment, 

rigorously benchmarked on both the Biotissue and JIGSAWS datasets. Our model incorporates 

kinematic sequences, video-based spatio-temporal features, and gesture-level event 

representations (for JIGSAWS), and it leverages a 1D convolutional backbone for temporal 

fusion. Extensive ablation and benchmarking demonstrate that integrating kinematic, video, 

and event cues can provide strong performance when complementary signals are available, 

particularly in 4-fold JIGSAWS and Biotissue evaluations, whereas video-only features yielded 

the best generalization in JIGSAWS leave-one-user-out evaluation. 

On JIGSAWS, our best configuration of kinematics + video + event (i.e., K, V, E) achieved 

an average SCC of 0.85 (±0.12) in 4-fold cross-validation (see Table 1), matching or exceeding 

strong recent video-based baselines such as CoRe + GART (0.85), ViSA (0.83), and Contra-

Sformer (0.81). Notably, our method also outperformed the highly specialized MultiPath (V, T, 

P, E) baseline (0.81), which requires tool usage, visual, and completion time information. While 

RICA2 represents the strongest video-only baseline on JIGSAWS, achieving an average SCC 

of 0.92, this performance is enabled by a substantially more complex modeling framework that 

integrates probabilistic graph reasoning and rubric-driven supervision. Similarly, TPT 

demonstrates strong video-only performance on JIGSAWS, but it relies on temporal part 



 

parsing and exemplar-based regression, reflecting a more specialized design than the simpler 

fusion-based framework used in our study. In contrast, our approach adopts a more streamlined 

architectural design and explicitly preserves gesture event sequences, allowing it to model 

execution dynamics and temporal skill patterns that extend beyond rubric alignment. Notably, 

despite these design differences, our method attains competitive predictive performance with 

lower absolute error, suggesting that explicit temporal modeling and multimodal fusion can 

offer an effective and more broadly applicable alternative for surgical skill assessment, 

particularly in settings with limited data or constrained computational resources. 

In the more challenging LOUO setting an essential test of generalization to unseen surgeons 

our model achieved an average SCC of 0.87 when using video features alone, outperforming 

all other published methods, including ViSA, MTL-VF, and MultiPath, as well as recently 

published data for Contra-Sformer. Our approach achieved per-task peaks such as 0.91 (±0.10) 

for suturing, 0.86 (±0.18) for needle-passing, and 0.80 (±0.26) for knot-tying. Even with 

multimodal input (kinematics + events), the model matches or surpasses all prior multimodal 

baselines on LOUO, with an SCC of 0.83. 

These findings indicate that multimodal fusion should not be interpreted as universally 

superior to video-only modeling; rather, its value lies in exploiting complementary signals 

when available, particularly in settings where video alone may not capture all relevant aspects 

of technical performance. 

The sequence encoder comparison further supports the trajectory-to-image autoencoder as 

the kinematic representation module. Although BiLSTM, TCN, and Transformer encoders can 

model temporal trajectories directly, they did not improve performance over the trajectory-to-

image autoencoder in the best-performing K+V setting for either GJ or PJ. This may reflect the 

limited sample size and high variability of video-derived tool trajectories, where compact 

trajectory-image representations provide a more stable summary of global motion patterns than 

direct sequence models. 

Ablation studies confirm that both kinematic and video inputs are crucial; neither modality 

alone achieves the same level of predictive power as their combination. Notably, while adding 

more modalities such as density heatmaps (D) or task completion time (P) can sometimes 

improve performance marginally, the combination of K, V, and E remains the most reliable 

across tasks and folds, highlighting the benefits of complementary representations. 

Compared to recent pure vision-based models such as CoRe + GART, ViSA, and Contra-

Sformer, our approach is competitive or superior in most evaluation protocols, while also 

offering greater flexibility for multimodal fusion. Unlike these other methods, which typically 



 

require large-scale video pretraining and sophisticated backbones, our model maintains 

simplicity and interpretability, with lower computational overhead and easier integration into 

surgical robotics platforms. For Biotissue data, where direct robotic kinematic streams were 

not available for integration into the present assessment pipeline, our approach derives motion 

representations from video through tool tracking (YOLOv8 + BYTE Tracker), supporting its 

applicability in settings where motion cues must be recovered from video rather than provided 

as synchronized telemetry. 

Despite these advances, several limitations remain. In the Biotissue dataset, the lack of 

gesture annotations restricts access to semantic cues that are available in JIGSAWS, and video-

based tracking is still vulnerable to camera motion, occlusion, and calibration drift. The need 

for careful temporal alignment across modalities is another technical challenge. Finally, like all 

methods in the field, our results are limited by the size and diversity of available datasets. Future 

research should focus on explicit temporal synchronization, robustness to visual variability 

(camera shifts, zoom, and panning), and integrating pseudo-3D spatial reasoning (e.g., 

monocular depth estimation) to further close the gap with sensor-based systems. We also 

envision leveraging transformer-based temporal fusion architectures to capture long-range 

dependencies and doing tests on larger, more heterogeneous datasets to establish clinical utility. 

This study establishes a robust and generalizable multimodal deep learning framework for 

automated surgical skill assessment, setting a new standard on both Biotissue and JIGSAWS 

datasets. Our approach combines video-derived spatio-temporal features, kinematic motion 

embeddings, and when available, gesture or event information, enabling flexible deployment 

in both sensor-rich and video-only surgical environments.  

Our model achieved an average SCC of 0.87 in LOUO on JIGSAWS using only video 

features, surpassing all previously reported video-only methods, including ViSA16, and Contra-

Sformer13. In 4-fold cross-validation, our fusion of kinematic, video, and event features (K, V, 

E) achieved an SCC of 0.85, representing the highest performance among multimodal 

approaches. While certain video-only models attain even higher correlations, our method 

demonstrates that integrating multiple modalities delivers state-of-the-art results for 

multimodal skill assessment, with reduced reliance on domain-specific feature engineering. 

For a Biotissue dataset, our framework enables automated skill assessment using only tool 

trajectories extracted from standard 2D endoscopic video, eliminating reliance on robotic 

telemetry and facilitating broad clinical translation. 

Our future work will address challenges in temporal alignment, depth estimation, and 

adaptation to new surgical tasks with limited annotation. Overall, our results demonstrate that 



 

thoughtful integration of accessible data streams and multimodal deep learning can deliver 

expert-level skill assessment, providing both high accuracy and practical flexibility across 

diverse real-world surgical settings. 

 

Methods 

 

Figure 1. Schematic of the complete JIGSAWS feature extraction, fusion, and prediction 

pipeline. 

Video features are extracted using a pretrained SlowFast model and represented as visual 

features (V). Tool kinematic trajectories are converted into line plots and encoded with an 

autoencoder to generate kinematic features (K), while heatmap density plots are processed with 

ResNet50 to generate semantic density features (D). Task completion time (P) and encoded 

gesture sequence information (E) are also included. The fused multimodal representation is 

standardized, reduced using principal component analysis, and input to a 1-dimensional 

convolutional neural network to predict the Global Rating Scale score. 

 

A detailed schematic of the complete JIGSAWS feature extraction, fusion, and prediction 

pipeline is shown in Figure 1. This architecture demonstrates our multimodal design, where 

kinematic trajectories, heatmap density plots, task completion time, gesture event sequences, 

and video-based features are extracted and encoded via dedicated models (e.g., ResNet50, 

autoencoder, and SlowFast). The resulting features are concatenated, standardized, and passed 

to a 1D-Convolutional neural network (CNN) regression model to predict expert-assigned skill 

scores, enabling robust multimodal surgical skill assessment. 

 



 

 

Figure 2. Schematic of the complete Biotissue dataset (GJ and PJ) feature extraction, fusion, 
and prediction pipeline  
Surgical videos are processed using YOLOv8-based tool tracking to derive motion trajectories. 

Visual features (V) are extracted using a pretrained SlowFast model, semantic density features 

(D) are obtained from heatmap density plots using ResNet50, and kinematic features (K) are 

derived from line plots encoded by an autoencoder together with root mean square kinematic 

features. These features are concatenated, standardized, reduced by principal component 

analysis, and used by a 1-dimensional convolutional neural network to predict the Objective 

Structured Assessment of Technical Skills score. 

 
Similarly, Figure 2 presents the architecture of our Biotissue pipeline, which adapts the 

same multimodal fusion strategy to robotic surgical training video. Here, video-derived tool 

tracking (YOLOv8), root mean square (RMS) kinematic features, heatmap density plots, and 

deep visual encodings (ResNet50 and SlowFast) are extracted from robotic surgical training 

videos. These representations are likewise combined and fed as an input to a 1D-CNN to 

predict OSATS scores, demonstrating the framework’s flexibility for both robotic and non-

robotic surgical data. 

      The proposed method should be understood as a modular multimodal assessment 

framework rather than as a single identical architecture instantiated across datasets. The overall 

design principle is consistent across both settings: modality-specific feature extraction, fusion 

of complementary representations, and downstream skill prediction. However, the exact 

modality branches are adapted to the signals available in each dataset. In the Biotissue dataset, 

only surgical videos and OSATS scores were available, whereas direct robotic kinematic 

streams, event annotations, and task-completion metadata were not available for direct 

integration (or were not perfectly aligned for use in the present assessment pipeline). Moreover, 



 

the videos contain practical imperfections, including pauses, variable zoom, and camera in/out 

motion. To address this, the framework derives motion-based tool-trajectory representations 

directly from video through segmentation, tracking, and trajectory extraction, thereby 

combining visual and video-derived kinematic information. In JIGSAWS, where richer 

modalities are directly available, these additional inputs can be incorporated explicitly within 

the same overall framework. 

Tool Segmentation and Tracking 

Instrument segmentation is performed using a YOLOv824 model, initialized with COCO25 

pretrained weights and fine-tuned on a curated set of manual and semiautomatically (SAM2-

assisted26) annotated frames. 

 

 

Figure 3. Segmentation output using SAM2-assisted annotation 

Representative segmentation output generated using the SAM2-assisted annotation workflow 

on a surgical training frame from the Biotissue dataset. Colored outlines and masks indicate 

the segmented tool components, including wrist, shaft, and jaw regions, which were used to 

improve annotation quality for downstream YOLOv8 segmentation model training. 

 
       The introduction of SAM2 substantially streamlined our annotation workflow. By using 

YOLOv8’s bounding-box predictions as prompts, SAM2 generates precise, instance-level 

masks with minimal human oversight. Enhanced pixel-level accuracy and fewer spurious 

segmentations have reduced the need for extensive manual frame selection, allowing us to 

annotate many more frames in less time and rapidly scale our training set27. Because SAM2 

produces more precise and accurate tool masks (Figure 3), the labels used for training are of 

higher quality. This enables the YOLOv8 model to learn from clearer, more correct examples, 



 

which improves its ability to identify and segment surgical tools in new images. The 

improvement is reflected in higher mAP@.50–.95 scores, a measure of how well the model 

detects and segments the tools. With these higher-quality labels and better scores, our final 

segmentation models become more robust and reliable for surgical video analysis. 

For each video frame t, the model predicts bounding boxes and segmentation masks for all 

detected tool instances of the needle driver tool. The network is optimized to maximize both 

detection and segmentation performance, enabling accurate localization and pixel-wise 

delineation of multiple instruments per frame. 

Detected tools are temporally linked across frames using BYTE Tracker, which associates 

bounding boxes based on spatial overlap and motion prediction. BYTE Tracker was selected 

for its demonstrated robustness to occlusion and real-time performance in surgical and cluttered 

scenes, as well as its superior tracking stability compared to prior approaches such as BotSort. 

These attributes make BYTE Tracker well-suited for the high-speed, multi-object tracking 

demands of surgical video analysis. For each tracked tool instance, the centroid ct,k = (xt,k,yt,k) 

of the corresponding mask is computed at each frame t. These centroid trajectories are then 

smoothed with a low-pass Butterworth filter (order n, cutoff frequency fc), yielding noise-

reduced, temporally coherent motion paths suitable for downstream kinematic analysis. After 

segmentation and tracking, the trajectory data were post-processed to reduce the impact of 

missing detections, brief occlusions, identity inconsistencies, and short track fragmentation. 

Most missing detections occurred during temporary jaw occlusion, while more stable subparts 

such as the wrist or shaft remained detectable. Short gaps also arose when instruments moved 

partially out of the field of view, for example during needle pickup or wider excursions 

associated with knot tying. Left-right inconsistencies were corrected using the shaft as the 

primary anchor, together with spatial proximity, bounding-box overlap, and short-term 

temporal consistency across adjacent frames. Although these discrepancies can introduce local 

noise into the trajectories, their downstream impact is reduced because the final kinematic 

representation is derived from processed motion patterns rather than isolated single-frame 

detections. 

For the JIGSAWS dataset, we utilize the synchronized two-dimensional (x, y) Cartesian 

coordinates of the tool tips, sampled at 30 Hz from the three patient side manipulators (PSM1, 

PSM2, and PSM3), which are the robotic arms of the da Vinci surgical system responsible for 

instrument manipulation at the patient bedside4. In the standard JIGSAWS protocols, only 

PSM1 and PSM2 (corresponding to the left and right primary instrument arms) are used for 

most tasks, while PSM3 is available but typically not analyzed. All coordinates are normalized 



 

to the [0, 1] range to ensure model compatibility and to emphasize relative motion dynamics 

over absolute spatial positioning. 

 

Kinematic Feature Encoding Using an Autoencoder 

Each tool-tip trajectory  is transformed into a pair of 1D line plot images: one 

representing the x-coordinate over time and the other the y-coordinate over time. These 

trajectory plot images, denoted as Itraj, are standardized and used as input to an autoencoder. 

This trajectory-to-image encoding strategy follows prior works, where x and y tool trajectories 

were similarly converted into plot-based representations and encoded with an autoencoder for 

surgical skill assessment11,27. In the present study, the same formulation was retained to provide 

a compact and consistent motion representation for downstream multimodal fusion across 

datasets. The purpose of this autoencoder module is to learn a compact, robust, and noise-

resilient representation of tool-tip motion dynamics, capturing the most salient kinematic 

patterns for downstream skill assessment. The autoencoder fenc maps each plot image to a 

compact 256-dimensional latent feature vector z, while the decoder fdec reconstructs the original 

plot: 𝑧 = ௘݂௡௖(ܫ௧௥௔௝), ′௧௥௔௝ܫ  = ௗ݂௘௖(𝑧)  (1) 

 

The autoencoder Figure 4 is trained with a hybrid loss, combining mean squared error (MSE) 

and binary cross-entropy (BCE) to promote both pixel-level accuracy and structural fidelity. 

The resulting latent vectors provide robust, noise-resilient encodings of tool motion dynamics, 

which are incorporated as features for downstream skill assessment. ℒࣺउࣶंࣻࣸ = MSE(ܫ௧௥௔௝, ′௧௥௔௝ܫ ) + ߣ ⋅ BCE(ܫ௧௥௔௝ , ′௧௥௔௝ܫ )  (2) 

 

 
Figure 4. Autoencoder architecture 

The autoencoder is used for kinematic feature encoding. The encoder consists of four 

convolutional blocks with batch normalization, LeakyReLU activation, and max pooling, 



 

followed by a latent representation layer. The decoder reshapes the latent vector and 

reconstructs the input trajectory image through convolutional and upsampling blocks, ending 

with a sigmoid output layer. The latent representation is used as a compact feature encoding 

for downstream skill prediction. 

 

Sequence Encoder Baselines 

For the sequence encoder comparison, we additionally evaluated BiLSTM, TCN, and 

Transformer-based sequence encoders using the same video-derived tool trajectory inputs. 

Each input sequence had a fixed length of 512 timesteps with 12 trajectory channels 

corresponding to left and right tool-component coordinates. Each sequence encoder was 

trained within an autoencoder framework to reconstruct the input trajectory sequence using 

mean squared error loss. The encoder mapped each input trajectory sequence to a 128-

dimensional latent representation, which was extracted and used as the kinematic trajectory 

feature in the downstream prediction pipeline. The models were trained using the AdamW 

optimizer, with early stopping based on validation reconstruction loss. The video feature 

branch, handcrafted kinematic statistics, downstream prediction model, cross-validation 

protocol, and evaluation metrics were kept unchanged across comparisons. 

 

Spatio-Temporal Feature Extraction Using SlowFast-R50 

To extract rich spatio-temporal representations from surgical video, we utilize the SlowFast-

R50 neural architecture28, pretrained on the Kinetics-400 dataset. This model employs a dual-

pathway design: the slow pathway captures spatial context by analyzing sparsely sampled 

frames, while the fast pathway focuses on densely sampled, rapid temporal dynamics. This 

enables simultaneous modeling of detailed spatial features and subtle motion, making it 

particularly effective for complex activities such as surgery. 

We considered alternative video backbones, including ViViT29, during model development. 

However, because our pipeline required repeated embedding extraction from long surgical 

videos across multiple experiments, transformer-based video models were substantially more 

computationally demanding under the available hardware constraints. We therefore selected 

SlowFast-R50 as a practical compromise between computational efficiency and spatio-

temporal representation quality. Its dual-pathway design was also well suited to surgical video, 

as it captures both slower contextual information and faster instrument-motion dynamics. We 

did not perform a systematic backbone ablation across all modalities in the present study, and 



 

this is a design choice based on feasibility and task suitability rather than a definitive superiority 

claim. 

Given a sequence of raw video frames 1ݔ, ,2ݔ … ,  ௅, the SlowFast model processes the inputݔ

in parallel as follows: 

 Slow pathway: St = Slow(x1+α·(t−1)), t = 1,2,...,T  (3) 

 Fast pathway: Fl = Fast(xl), l = 1,2,...,L    (4) 

 

where L is the total number of frames, +1 is the number of slow pathway samples, 

and α is the temporal sampling ratio (e.g., α = 4). Feature maps from both pathways are fused 

at multiple stages, enabling the network to combine global context and detailed motion. 

For downstream modeling, we divide each video into fixed-length segments Cm, then 

preprocess (resize and normalize) and extract a high-dimensional spatio-temporal embedding 

for each segment: 

fm = SlowFast(Cm)  (5) 

 

where fm ∈ R2048 represents the embedding for segment m. Segment embeddings are 

concatenated in temporal order and zero-padded to standardize input size, preserving the full 

sequence of spatio-temporal features: 

Fvideo = [f1,f2,...,fN]  (6) 

 

where N is the number of segments per video. 

      We selected SlowFast over alternative video architectures such as X3D30 and Video Vision 

Transformers (ViViT)29 because SlowFast provides a strong balance of spatial context, motion 

detail, and computational efficiency. X3D is highly efficient but its uniform temporal sampling 

can miss subtle surgical motions, while ViViT requires substantially larger datasets and more 

computing to avoid overfitting. In contrast, SlowFast’s dual-pathway design offers rich, fine-

grained spatio-temporal representations, making it particularly effective for complex activity 

recognition in real-world scenarios. 

 

Kinematic Feature Extraction – RMS Metrics and Path Length (Biotissue Dataset Only) 
After smoothing Biotissue Gastrojejunostomy (GJ) tool-tip trajectories with a 24 Hz low-pass 

Butterworth filter, we quantified tool motion using RMS metrics and path length. Since precise 

tool-tip position data (for wrist, shaft, and jaw components) are available only in the Biotissue 



 

dataset and not in JIGSAWS, these motion features were extracted exclusively for Biotissue. 

For each tool component, we computed: 

 RMSvelocity = √1ே ∑ ௜2ே௜=1ݒ      (7) 

 RMSacceleration = √1ே ∑ ܽ௜2ே௜=1    (8) 

 RMSjerk = √1ே ∑ ݆௜2ே௜=1      (9) 

 

Here, vi, ai, and ji denote instantaneous velocity, acceleration, and jerk values, respectively, and 

N represents the total number of sampled data points. 

Additionally, we computed the total path length traversed by each tool component across 

the entire trajectory, reflecting overall movement efficiency and precision: 

 Path Length = ∑ ௜+1ݔ)√ − ௜)2ݔ + ௜+1ݕ) − ௜)2ே−1௜=1ݕ   (10) 

 

All these features summarize motion smoothness, steadiness, and efficiency, key indicators of 

surgical skill. Calculations were limited to the Biotissue dataset, as the normalized coordinates 

of JIGSAWS precluded meaningful computation of these metrics. All extracted values were 

integrated into our multimodal feature set for skill prediction. 

 

Semantic Feature Extraction – Heatmap Density Plots 

 

 

Figure 5. Heatmap density plots 



 

Representative heatmap density plots generated from tool-tip motion trajectories in the 

Biotissue and JIGSAWS datasets. The left panel shows density maps for the Biotissue dataset 

in image-coordinate space, and the right panel shows density maps for the JIGSAWS dataset 

using normalized Cartesian coordinates. Blue corresponds to the left tool and orange 

corresponds to the right tool. These density maps are used to capture spatial motion distribution 

for semantic feature extraction. 

 

To capture spatial behavioral patterns and tool motion distribution in surgical procedures, we 

generated two-dimensional heatmap density plots Figure 5 from tool-tip positions and extracted 

high-level semantic features using a pretrained ResNet-50 model. While the overall goal of 

semantic representation remained consistent across datasets, the methodology was tailored to 

data characteristics in the Biotissue and JIGSAWS datasets. In Biotissue, the presence of 

camera movement and frequent zoom changes can distort heatmap interpretation, making depth 

estimation a crucial direction for future work to accurately localize tool activity. In contrast, 

the JIGSAWS dataset benefits from a fixed camera, but the provided tool-tip positions are 

normalized Cartesian coordinates rather than absolute workspace locations, which may 

introduce additional noise. Despite these limitations, semantic features from heatmap 

representations provide useful contextual information in both datasets, offering notable value 

for the Biotissue dataset and contributing additional signal for JIGSAWS. 

 

Event Sequence Encoding 

When annotated surgical event or gesture sequences are available, we encode the gesture 

sequence for each video as a series of one-hot vectors. Let C denote the total number of gesture 

types, and N the number of gestures in a given video. Each gesture is mapped to a one-hot 

encoded vector of length C, indicating its category. The resulting N × C matrix is then flattened 

to yield a feature vector of length N × C, which is concatenated with other video- and kinematic-

derived features for downstream modeling. To create fixed-length feature vectors suitable for 

modeling, each array is zero-padded to match the maximum number of gesture events observed 

for that specific task. This encoding preserves the order of gestures within the video, providing 

a compact representation of the procedural sequence. 

Encoding event or gesture sequences in this way is crucial because the type, order, and 

transitions of gestures can reflect both the efficiency and strategy of surgical performance. 

Procedural flow, repetition, and deviations from standard gesture sequences are often key 

indicators of technical skill, efficiency, and error. By capturing this sequential information, the 



 

model can better distinguish skill levels, identify atypical performance patterns, and provide a 

richer context for automated skill assessment. 

 

Example: One-hot encoding for gestures G12, G13, G14, G15, G11 (C = 15, N = 5) 

Gesture order: G12, G13, G14, G15, G11 

 

N = 5 (number of gestures in this example; one row per gesture) 

 

Flattened array: (N × C = 5 × 15 = 75 elements, row-wise concatenation) 

[0,0,0,0,0,0,0,0,0,0,0,1,0,0,0, 

0,0,0,0,0,0,0,0,0,0,0,0,1,0,0, 

0,0,0,0,0,0,0,0,0,0,0,0,0,1,0, 

0,0,0,0,0,0,0,0,0,0,0,0,0,0,1, 

0,0,0,0,0,0,0,0,0,0,1,0,0,0,0] 

 

Multimodal Feature Fusion and Skill Score Prediction 

All feature vectors, including autoencoder latent codes, RMS/path metrics, semantic heatmaps, 

spatio-temporal SlowFast embeddings, and event sequence encodings, are concatenated to 

form a comprehensive multimodal representation: 

 

Xfused = (z, RMSvelocity, RMSacceleration, RMSjerk, Path length, s, f1,...,fM, E)  (11) 

 

These features are standardized via z-score normalization, and dimensionality reduction (e.g., 

principal component analysis [PCA] retaining 99% variance) is applied prior to prediction. 

PCA was used to compress the high-dimensional fused feature vectors into a tractable 

representation for downstream prediction. The subsequent 1D-CNN was used as a nonlinear 

prediction head over the reduced feature vector, and the PCA components were not interpreted 

as literal temporal steps. This design is also consistent with prior work using PCA-reduced 

representations followed by CNN-based modeling in other domains31, as well as with our own 

prior work using compact structured representations for CNN-based downstream prediction27. 

G11 G12 G13 G5 G14 G15 G1 G2 G3 G4 G6 G7 G8 G9 G10 1 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 2 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 3 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 5 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 
C = 15 ( ge stur e typ es ) 



 

A 1D-CNN is trained to regress the expert-assigned skill score: ŷ = R(Xfused) 

 

The model is optimized by minimizing the mean squared error loss: ℒreg = 1ே ∑ ௜ݕ) − ప̂)2ே௜=1ݕ            (12) 

 

Evaluation Protocol 

The performance of our model is evaluated using both the SCC (ρ) and mean absolute error 

(MAE). Specifically, ߩ = 1 − 6 ∑ ௗ೔2೔ಿ=1ே(ே2−1)           (13)  

 MAE = 1ே ∑ ௜ݕ| − ప̂|ே௜=1ݕ    (14) 

where di is the difference between the ranks of the true and predicted scores for sample i, and n 

is the number of samples. 

       For the JIGSAWS dataset, evaluation is performed using both 4-fold cross-validation and 

leave-one-user-out (LOUO) splits. For the Biotissue dataset, we employ 5-fold cross-validation 

on the GJ subset. For the expanded PJ subset, a separate stratified 5-fold cross-validation 

analysis was performed as a task-specific evaluation. In line with the recommendations 

discussed by Anastasiou et al.13, we emphasize that while the SCC is widely adopted as the 

primary evaluation metric, it only measures the agreement in ranking between predicted and 

true scores and does not reflect the actual prediction error. As highlighted by Contra-Sformer13, 

a model can achieve a high SCC despite large absolute prediction errors, especially on small 

test sets. To address this limitation, we report both MAE per task and the standard deviation of 

MAE across all folds, providing a more complete picture of model performance. 

 

JIGSAWS Dataset 

For benchmarking, we used the public JIGSAWS dataset4, comprising 206 stereo endoscopic 

videos of three simulated robotic tasks: suturing (78 videos), needle-passing (56), and knot-

tying (72). Recordings were captured at 30 Hz and 640 × 480 resolution from two viewpoints; 

we analyzed only the “capture1” (left) videos, yielding 39 suturing, 28 needle-passing, and 36 

knot-tying clips. 

Each trial includes an expert-assigned GRS (range: 6–30). JIGSAWS provides frame-level 

gesture annotations (G1–G15; see Table 12) and synchronized kinematic data, enabling 



 

detailed motion analysis and robust model supervision. Gesture sequences were one-hot 

encoded for input features. Unlike the Biotissue dataset, JIGSAWS enables fine-grained 

procedural segmentation, though the absence of stereo camera calibration limits 3D 

reconstruction accuracy.  

 

Table 12: JIGSAWS gesture index and description. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

For JIGSAWS, 4-fold cross-validation was performed (as no predefined folds exist), using 

balanced splits by task. To ensure a fair comparison, we followed the commonly adopted splits 

described in Tang et al.32 and Liu et al.10. The evaluation is based on SCCs between model 

predictions and expert ratings. 

 

Biotissue Dataset 

Our primary clinical dataset comprises 205 high-resolution videos (1280 × 720 pixels) of 

anastomoses performed on synthetic hydrogel Biotissue models (Lifelike Biotissue, Inc.) using 

the DaVinci Xi robot, subdivided into three categories: 33 pancreaticojejunostomy, 44 

Gesture index Gesture description 

G1 Reaching for needle with right hand 

G2 Positioning needle 

G3 Pushing needle through tissue 

G4 Transferring needle from left to right 

G5 Moving to center with needle in grip 

G6 Pulling suture with left hand 

G7 Re-grip needle 

G8 Orienting needle 

G9 Using the right hand to help tighten suture 

G10 Loosening more suture 

G11 Dropping suture at end and moving to end points 

G12 Reaching for needle with left hand 

G13 Making C loop around right hand 

G14 Reaching for suture with right hand 

G15 Pulling suture with both hands 



 

hepaticojejunostomy, and 128 gastrojejunostomy recordings All procedures were performed by 

surgical trainees under standard institutional protocols at UT Southwestern Medical Center. 

The video data were collected as part of a quality improvement project reviewed by the 

Institutional Review Board at UT Southwestern Medical Center (IRB No. Y1-21-507), which 

determined that the project did not meet the definition of human subjects research. For 

downstream skill assessment, the GJ analysis used the same 128 videos, whereas the PJ analysis 

used an expanded cohort of 170 videos, including the original 33 PJ recordings and additional 

videos collected subsequently.  

Simulation-based surgical training has become an essential component of many curricula, 

enabling trainees to practice in a risk-free controlled environment33-35. At UT Southwestern, we 

have developed and validated a proficiency-based robotic surgery simulation curriculum that 

combines a virtual reality platform (SimNow) with dry-lab exercises, followed by procedure-

specific Biotissue drills36-40. These performances are recorded and subsequently assessed using 

global (OSATS and the Global Evaluative Assessment of Robotic Skills) measures as well as 

task-specific metrics and gestures1,41-43. While effective, these manual evaluations are resource-

intensive and time-consuming, which has limited their scalability. One of our prior video-based 

assessment studies demonstrated that technical proficiency in simulated gastrojejunostomy 

drills is closely correlated with operative performance in real clinical cases. Importantly, 

surgical trainees who achieved higher performance scores in simulation experienced higher 

performance in the operating room and a lower incidence of clinically relevant delayed gastric 

emptying19. All Biotissue videos were evaluated using the OSATS scoring framework. Because 

GJ, PJ, and HJ represent distinct procedural tasks with different workflow, motion 

characteristics, technical demands, and sources of difficulty, we treated downstream skill 

assessment as a task-specific prediction problem rather than training a single unified predictor 

across heterogeneous procedures. In the present study, we report results for both the GJ and PJ 

subsets. HJ was not included in the downstream skill assessment experiments because the 

number of available HJ videos was too limited for a stable evaluation. By contrast, the 

segmentation model was developed using data from multiple procedure types to improve the 

robustness of tool localization across the dataset. 

OSATS-based video assessment for the Biotissue dataset was performed independently by 

two research fellows who had completed a standardized institutional training framework for 

performance assessment within our validated robotic surgery curriculum. Both graders applied 

the OSATS rubric independently. Inter-rater reliability was quantified using the intraclass 

correlation coefficient (ICC) and reported in our prior works19,20 , which demonstrated good 



 

agreement (ICC = 0.86, 95% CI: 0.69–0.93; p < 0.001) for GJ and ICC of 0.74 (0.6–0.84; p < 

0.05) for the PJ dataset. The two graders were blinded to each other’s evaluations, and the final 

score assigned to each video was computed as the average of the two ratings. 

 

Figure 6. Representative YOLOv8-based tool tracking outputs in the Biotissue dataset. 
Representative YOLOv8 tool tracking outputs from the Biotissue dataset. The left panel shows 

gastrojejunostomy examples and the right panel shows pancreatojejunostomy examples. The 

figure illustrates tracked needle driver components in surgical video frames and highlights the 

visual outputs used for downstream trajectory extraction and motion analysis. 

 

A total of 1239 frames spanning all procedure types were manually annotated by trained 

medical interns and surgical staff, with each needle driver segmented into wrist, shaft, and jaw 

(classified as left or right; see Figure 6). To augment the training set, 152 pseudo-labeled images 

were generated using a semi-automated workflow: initial YOLOv824 segmentation followed 

by SAM226 refinement. Further augmentation was limited due to diminishing accuracy gains. 

The final dataset comprised 1391 training, 153 validation, and 308 test images. YOLOv8 was 

initialized with COCO-pretrained weights25 and fine-tuned on the Biotissue dataset. 

Segmentation performance was evaluated using mean average precision (mAP@0.50–0.95), 

which averages precision across IoU thresholds and is the standard metric for segmentation 

quality in computer vision. 

 



 

 
Figure 7. Score distribution for gastrojejunostomy subset. 
Distribution of Objective Structured Assessment of Technical Skills scores for the 

gastrojejunostomy subset of the Biotissue dataset. The left panel shows the original score 

distribution, and the right panel shows the clipped score distribution used for downstream 

analysis after exclusion of extreme values. The horizontal axis indicates score, and the vertical 

axis indicates number of videos. 

 

We focused skill assessment on the gastrojejunostomy procedure subset, which includes 

128 recordings with OSATS scores (range: 7–35) assigned by board-certified surgeons across 

seven performance domains. To mitigate outlier effects, scores were clipped to 10–32, 

excluding the lowest and highest 10% of samples (see Figure 7 for score distributions). We also 

evaluated skill assessment on an expanded pancreaticojejunostomy (PJ) subset comprising 170 

videos with OSATS scores (range: 7–35) (see Figure 8 for score distributions). 

 

 
Figure 8. Score distribution for pancreatojejunostomy subset 
Distribution of Objective Structured Assessment of Technical Skills scores for the 

pancreatojejunostomy subset of the Biotissue dataset. The histogram shows the score frequency 



 

across videos included in the pancreatojejunostomy analysis. The horizontal axis indicates 

score and the vertical axis indicates frequency. 

 

For the Biotissue experiments, model performance was evaluated separately for each task-

specific subset. The GJ subset was evaluated using 5-fold cross-validation, whereas the PJ 

subset was evaluated using stratified 5-fold cross-validation to better preserve the distribution 

of OSATS scores across folds and reduce fold-level imbalance. Performance was assessed 

using SCC between predicted and expert-assigned scores. 

 

Preprocessing 

All multimodal features and target scores were systematically preprocessed to ensure 

normalized input scales, reduced dimensionality, and stable model convergence. For each 

dataset, the complete feature set included autoencoded kinematic features, RMS motion 

statistics (Biotissue only), semantic heatmap features, spatio-temporal SlowFast-R50 

embeddings, and one-hot encoded gesture events (JIGSAWS only). All feature vectors were 

standardized using zero-mean, unit-variance scaling to prevent any single feature type from 

dominating the learning process. 

Target variables (GRS for JIGSAWS and OSATS for Biotissue) were independently scaled 

to the [0, 1] range using Min-Max normalization. 

In JIGSAWS, gesture event sequences were converted to one-hot encoded matrices, 

flattened, and concatenated with other features prior to scaling and PCA. For videos of varying 

lengths, zero-padding was employed to achieve consistent input dimensions for batch 

processing in the 1D-CNN. All fitted preprocessing scalers and PCA models were saved for 

each cross-validation fold to ensure reproducibility and robust evaluation. 

To further reduce redundancy and computational overhead, PCA was applied to the 

standardized features, retaining 99% of the total variance. Table 13 provides a summary of the 

feature dimensions before and after this reduction for both datasets. 

 

Table 13: Summary of multimodal feature dimensions before and after principal component 

analysis (PCA). Abbreviations: D, semantic density features; E, event sequence; K, kinematic 

features; P, task completion time; V, video features. 

 



 

 

 

 

 

 

 

1D-CNN Training 

The fused multimodal features, including spatio-temporal, semantic, and kinematic modalities, 

were used to train a 1D-CNN to predict surgical skill scores (GRS for JIGSAWS, OSATS for 

Biotissue). For model input, the PCA-transformed features representing 92 principal 

components for Biotissue GJ, 119 for Biotissue PJ and 29 for JIGSAWS were used as compact 

reduced representations for the Conv1D layers. This allows the network to identify hierarchical 

correlations between components that capture the most significant variance across the fused 

modalities (V, K, E, D, P). Figure 9 illustrates the network architecture. 

 

 

Figure 9. 1D-CNN architecture diagram. 
Architecture of the 1-dimensional convolutional neural network used for skill score prediction. 

The model consists of three convolutional layers with kernel size 3 and SELU activation, each 

followed by max pooling, then flattening, a dense layer with 1024 units, dropout, and a final 

dense output layer for regression. 

 

The 1D-CNN model architecture, as summarized in Table 14, consisted of:  

• Three Conv1D layers (with 64, 128, and 256 filters; kernel size 3; SELU activation; and 

L2 regularization) 

• MaxPooling1D layers after each convolution 

• A flattened layer 

• A fully connected dense layer (1024 units, SELU activation) followed by dropout (rate 

0.2) 

• An output dense layer (1 unit) for regression 

Dataset configuration Initial features Post-PCA (n-comp) Variance 

Biotissue GJ (V, K, D) 119,170 ∼92 99% 

Biotissue PJ (V, K) 101,045 ∼119 99% 

JIGSAWS (V, K, E, P, D) 7,077 ∼29 99% 



 

Input features were reshaped (to samples, components, and channels) for the Conv1D 

layers, with PCA components treated as timesteps and the channel dimension set to one. Model 

training employed the Adam optimizer for GJ and JIGSAWS, and AdamW for PJ (learning rate 

= 0.0002) using mean squared error loss, for up to 1000 epochs, with early stopping (patience 

= 200) based on validation loss. Five-fold cross-validation was used for the Biotissue dataset 

and 4-fold cross-validation for JIGSAWS, with all trained models, scalers, and PCA objects 

saved per fold. Validation predictions were aggregated across folds to assess the model’s 

reliability in predicting expert-assigned surgical skill scores. 

 

Table 14: Summary of model architectures and main parameters. Abbreviations: 1D-CNN, 1-

dimensional convolutional neural network; IoU thr, Intersection over union threshold; LR, 

Learning Rate; MSE, mean squared error. 

 

Model Parameter Value 

YOLOv8-Seg Medium 

Epochs 1000 

Batch size 32 

Image size 640×640  

Optimizer SGD 

Initial LR 0.001 

Final LR 0.01 

Momentum 0.937 

Weight decay 0.0005 

Patience 400 

IoU thr. 0.7 

Autoencoder 

Type Conv AE 

Input shape 224×224×3 

Encoder filters 32, 64, 128, 256 

Dropout  0.2 

Latent dim  256 

Output act. Sigmoid 

Optimizer Adam 

LR 1 × 10−6 

Loss MSE 



 

Batch size 1 

Epochs 300 

Patience 30 

1D-CNN 

Activation SELU 

Optimizer Adam (GJ and Jigsaws), 

AdamW (PJ) 

LR 0.0002 

L2 1 × 10−5 

Loss MSE 

Metrics MAE 

Epochs 1000 

Batch size 1 

Patience 200 

 

All experiments were conducted on a high-performance workstation equipped with an 

AMD Ryzen Threadripper PRO 5955WX 16-core processor (4.0 GHz, 128 GB RAM) and two 

NVIDIA RTX 4090 GPUs (24 GB VRAM each). 
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  z =   f  e n c  (   I  t r a j ) ,     I  t r a j ′ =   f  d e c  ( z )


  MAE =  1  N   ∑  i = 1  N   |   y  i −     y  i ^ |


   ℒ  𝒽 𝓎 𝒷 𝓇 𝒾 𝒹 = MSE  (   I  t r a j ,   I  t r a j ′ ) + 𝜆 ⋅ BCE  (   I  t r a j ,   I  t r a j ′ )


    x 1 ,   x 2 , … ,   x  L


  RM  S  velocity =   1  N   ∑  i = 1  N    v  i 2


  RM  S  acceleration =   1  N   ∑  i = 1  N    a  i 2


  RM  S  jerk =   1  N   ∑  i = 1  N    j  i 2


  Path Length =   ∑  i = 1  N − 1      (   x  i + 1 −   x  i ) 2 +    (   y  i + 1 −   y  i ) 2


  ℒ reg =  1  N   ∑  i = 1  N     (   y  i −     y  i ^ ) 2


  𝜌 = 1 −   6   ∑  i = 1  N    d  i 2  N  (   N 2 − 1 )

