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Abstract Purpose: Automatic surgical skill assessment is an emerging field beneficial to
both efficiency and quality of surgical education and practice. Prior works largely evaluate
skills on elementary tasks performed in the simulation laboratory, which can not fully reflect
the variety of intraoperative circumstances in the real operating room. In this paper, we attempt to fill this gap by expanding surgical skill assessment onto a clinical dataset including
fifty-seven in-vivo surgeries. Methods: To tackle the workflow and device constraints in
the clinical setting, we propose a robust and non-interruptive surrogate for surgical skills,
namely the clearness of operating field (COF), which shows strong correlation with overall
skills and high inter-annotator consistency on our clinical data. Then an automatic model
based on neural networks is developed to regress surgical skills through the surrogate of
COF using only video as input. Results: The automatic model achieves 0.595 Spearman’s
correlation with the ground truth of overall technical skill, which even exceeds the human
performance of junior surgeons. Moreover, an exploratory study is conducted to validate the
skill predictions against the clinical outcomes of patients. Conclusions: Our results demonstrate that the surrogate of COF is promising and the approach is potentially applicable to
clinical practice.
Keywords Surgical Skill Assessment · Clinical Data · Laparoscopy · Neural Network

1 Introduction
Computer-aided surgical skill assessment could reduce subjective biases and human efforts
in the training of novice surgeons, the credentialing of prospective surgeons, and the quality
control of certified surgeons [16].
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Fig. 1 Illustration of the COF.

Computer-aided surgical skill assessment can be studied in the laboratory setting or
the clinical setting. Prior works are mainly in the laboratory setting. These works simulate
surgical tasks such as needle-passing at various sites, e.g., bench-top models [6–9, 11, 17–
21], virtual reality systems [15], and cadavers [1]. However, these basic surgical tasks in
the laboratory setting could not convey the full complexity of real-world clinical surgeries.
Few existing studies set up surgical skill assessment on clinical datasets from real operating
rooms (OR) [2,3,12,15]. Two of them are based on the video modality [3,12] but are limited
to a small number of surgeries [12] or manually segmented short clips [3]. In contrast, this
study assesses surgical skills on a clinical laparoscopic video dataset with up to fifty-seven
complex procedures.
Evaluating surgical skills in the clinical setting is more challenging since the data collection should be scalable, transparent, and highly automated [16]. Most of the existing
methods for surgical skill assessment are motion-based. In these works, surgical skills are
determined with hand/tool/eye motions, obtained from robotic kinematics [8, 11, 17, 19] or
external sensors [2, 7, 15, 20] or visual tracking/interest points [3, 12, 18, 20, 21]. However,
acquiring motion trajectories is difficult for clinical data because 1) robotic kinematics depend on the availability of a robotic surgery system 2) external sensors interrupt standard
workflows and might undermine the sterilized environment in the operating rooms 3) visual
tracking is not robust enough and often involves manual corrections. Unlike these existing
motion-based methods, we propose an unobtrusive and low-cost surrogate for surgical skills
on clinical data, i.e., the clearness of operating field (COF), which only requires video data
from the laparoscopic camera and minimal manual input. As shown in Fig. 1, the COF is
defined to reflect the amount of bleeding and the visibility of anatomy landmarks. An experienced surgeon will minimize the bleeding and maintain a clear field. In turn, an unimpaired
vision of landmarks will also benefit the performance of the surgeon. More systematically,
COF as a good skill surrogate is justified by statistical analyses on our clinical dataset. It
shows strong correlation with overall skills and high consistency across annotators.
With the surrogate of COF, an objective video-based method is proposed to automatically predict surgical skills. Concretely, color and semantic features extracted from laparoscopic videos are fed into neural networks to generate quality scores and attention weights
for each frame. To produce video-level skill predictions, the frame scores are pooled over
time using the attention weights. The neural networks are trained with a supervised regression loss and an unsupervised rank loss collectively.
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Table 1 Skill Metrics
ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14

Metrics
Gentleness
Time and Motion
Instrument Handling
Flow of Operation
Tissue Exposure
Overall Technical Skill (OTS)
Dissection in Correct Planes
Vessel Exposure and Transection
Venous Breakpoint Selection
Arterial Breakpoint Selection
Infrapyloric Artery Exposure
Care for Adjacent Organs
Overall Procedural Skill (OPS)
Clearness of Operating Field (COF)

It is shown in the experiments that predicting overall skills via the surrogate of COF performs better than predicting them directly without the surrogate. We achieve 0.595 Spearman’s correlation between predicted overall technical skill and ground truth ratings, which
is promising and even surpasses the human performance of junior surgeons. Besides, the
results are validated against clinical outcomes. Although no evidence is observed currently
to associate predicted skill scores with postoperative complications, we find it interesting
that the color features might generalize better.
In summary, our main contribution is proposing the COF as a surrogate for surgical skill
assessment on a clinical in-vivo dataset. This work is extended from a previous conference
paper [14] by including more experiments and the validation against clinical outcomes.

2 Data
This study uses the same clinical dataset as in our conference paper [14], which contains
57 in-vivo laparoscopic surgery videos recorded by the built-in camera. The procedures
are gastrectomies for gastric cancer performed by one senior surgeon at Peking University
Cancer Hospital. The performance of the same primary surgeon is assumed to differ across
cases due to varying case complexity, fatigue condition, and a wide span of operating time
over ten years. Instead of the whole surgery, we use one phase of gastrectomy for skill
assessment to ease the annotation burden. The infrapyloric area [10] is chosen in this study
because of its standardized structure, sufficient complexity, and clinical value, which is also
at the beginning of the surgery and is thus affected by fewer confounding factors in the
videos than other phases. The infrapyloric area has a duration range from 8 to 57 minutes
with an average of 26 minutes, while the whole surgery ranges from 91 to 291 minutes with
an average of 192 minutes.
For the infrapyloric phases, surgical skills are annotated by six surgeons on 14 metrics
with a Likert scale of 1-5. The six surgeons comprise three seniors and three juniors, with the
operating surgeon excluded. For each skill metric, we define the ground truth as the average
rating of the senior annotators.
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Fig. 2 Analyses of skill metrics.

3 Skill Metrics
3.1 Skill Metrics
Surgical skills are characterized by generic technical skills, procedure-specific skills, and
other non-technical skills [16]. This study focuses on generic technical skills and procedurespecific skills. Other non-technical skills such as leadership and communication lie outside
our scope. The 14 skill metrics annotated in this study are listed in Table 1.
Generic technical skills focus on abilities that do not necessarily depend on the procedure type such as hand dexterity and flow efficiency. For generic skills, a modified OSATS
from [4] is employed in this study. Annotators assess surgical videos in five domains of
technical skills (ID 1-5) and provide a summary judgment (ID 6).
Procedure-specific skills aim to evaluate the knowledge about a particular procedure,
i.e., the infrapyloric phase in this paper. Seven metrics are designed according to [10] to
provide fine-grained ratings of surgeons’ compliance with phase instructions. We first breakdown the phase into six steps described in [10]. Then for each step, a skill metric is developed (ID 7-12) in line with the requirements for infrapyloric lymph node dissection. There
is an overall metric as well (ID 13).
Clearness of operating field is often referred to by surgeons in their routine review of
surgical videos for skill assessment. Therefore, we propose a COF metric (ID 14), which is
formally defined to represent how much the bleeding and burned tissues affect the identification of anatomical structures. The COF is rated as good when there is no obvious bleeding
and the anatomical structures can be recognized easily, while a poor COF indicates that the
existence of heavy bleeding severely hampers the anatomy recognition in the field. More
details and skill score distributions are in the supplementary.

3.2 Metric Analysis
To investigate whether the COF can act as a skill surrogate, a series of statistical analyses
are carried out on our clinical dataset in terms of correlation with overall skills (CORR),
inter-senior consistency (ISC) and senior-junior consistency (SJC). We refer the readers to
our conference paper [14] for details.
As the results in Fig. 2 demonstrate, among all the metrics, the COF is best correlated to
overall skills and best consistent across annotators, thereby justifying the COF as a surrogate
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Fig. 3 Architecture overview.

for overall skills. The COF especially fits in with the clinical setting since it only relies on
video data.

4 Automated Method
We render surgical skill assessment as a regression problem and devise a video-based method
to predict overall skill ŷ ∈ [1, 5] via the surrogate of COF y ∈ [1, 5]. Given a surgery video,
a computational model learns to output the COF score y. By surrogation, the output COF
score is directly regarded as overall surgical skill: ŷ := y. Model components are shown in
Fig. 3 and are elaborated as follows.

4.1 Feature Extraction Module
Given limited memory size, the lengthy surgery videos are intractable for an end-to-end
model. Therefore, we adopt a two-stage scheme, in which features are extracted first and
then fixed in subsequent modules. Specifically, three following types of features are employed.
Color features: As its definition, an inferior COF is typically caused by bleeding or
burned tissues, which are visually manifested in the color of the field. Accordingly, color
features are extracted to describe the severity of bleeding. We compute histograms in color
spaces of RGB, HSV, and Red-Ratio (R/G and R/B) for every video frame.
Semantic features: Another aspect of the COF is anatomical recognition. Therefore,
to provide semantic information of the anatomy structure, the ResNet-101 pre-trained on
ImageNet is employed in each frame.
Fusion features: The color and semantic features can be fused by either early fusion or
late fusion. For early fusion, the two features are concatenated frame-wise, while for late
fusion, two models are separately trained with different features and the model predictions
are averaged.
The feature extraction module transforms the video into a feature sequence, denoted by
X ∈ RT ×D , where T is the frame number and D is the dimensionality.
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4.2 Embedding Module
Since the features may not be originally trained for surgical tasks, such as the ResNet features originally for daily image classification, a surgery-oriented embedding of the features
is desired. We utilize a fully connected layer followed by a ReLU activation to embed the
features. The fully connected layer is shared across frames. The resultant feature embedding
is denoted as φ (X) ∈ RT ×F , where F is the embedding size.

4.3 Score and Attention Networks
The embedding module is followed by two neural networks in parallel. One is a score network evaluating frame quality. Given the embedded feature of a video frame, the score
network produces a score for this frame. On the other hand, since clinical videos might contain clips less relevant to skill assessment, such as the intraoperative examination or purely
idle time, we utilize another attention network to yield an importance weight for each frame.
Both the score and attention networks are designed as multilayer perceptrons (MLP). Temporal models can also be used, such as temporal convolutional networks (TCN) [13] and
gated recurrent units (GRU) [5]. The networks operate frame-wisely, i.e., they are shared
across frames. In this manner, the networks convert the embedded feature sequence φ (X)
into a score sequence denoted by A ∈ RT and a weight sequence represented by U ∈ RT .
The weight sequence additionally undergoes a softmax function to obtain a probability distribution over frames, denoted by U.

4.4 Aggregator
An aggregator G is invoked to compute a video-level score q using the frame-level scores
and weights: q = G(A,U). We compare several forms of the aggregator as follows.
Average pooling (AVG) takes the average of frame-level scores without using the attention weights: G(A,U) = T1 ∑Ti=1 Ai .
Attention pooling (ATT) aggregates the weighted frame-level scores using the attention:
G(A,U) = ∑Ti=1 AiU i .
Top-K pooling (TOP-K) only aggregates the K most salient frames: G(A,U) = Z1 ∑i∈K AiU i ,
where K is the indices of K largest values in the weight sequence U and Z = ∑i∈K U i is a
normalization factor. This strategy assumes that skills or the COF can be measured using
only a few representative frames.

4.5 Loss Function
The loss function comprises a supervised regression loss and an unsupervised rank loss. A
standard L1 loss is used as the regression loss: Lreg = |q − y|, where y denotes the ground
truth COF score and q is the predicted video-level score. Furthermore, a rank loss is designed
based on the observation that the quality of COF decreases as the bleeding accumulates over
time. We hypothesize that the start of the surgical phase in this study has better COF than the
end. As recommended by surgeons, the start section is set as the first 30% of the phase and
the end section as the 60% to 90%. We exclude the last 10% from the end section because
it is common for surgeons to clean the operating field thoroughly when finishing. The score
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Table 2 Results of COF Prediction

Naive baselines

Ablation on feature
Ablation on loss
Ablation on
aggregator
Ablation on model
Proposed method
Human performance

Method

Feature

% SROCC (Std)

% PLCC (Std)

-

Red
Saturation
Duration

14.8 (-)
16.7 (-)
19.5 (-)

15.5 (-)
22.4 (-)
22.1 (-)

Lboth (MLP / ATT)
Lboth (MLP / ATT)
Lboth (MLP / ATT)
Lrank (MLP / ATT)
Lreg (MLP / ATT)
Lboth (MLP / AVG)
Lboth (MLP / TOP-16)
Lboth (MLP / TOP-64)
Lboth (TCN / ATT)
Lboth (GRU / ATT)
Lboth (MLP / ATT)

Color
ResNet
Early Fusion
Late Fusion
Late Fusion
Late Fusion
Late Fusion
Late Fusion
Late Fusion
Late Fusion
Late Fusion

50.6 (1.2)
62.4 (0.6)
65.8 (1.1)
52.8 (3.9)
61.3 (1.0)
64.0 (0.6)
61.3 (2.1)
64.1 (0.8)
66.6 (1.5)
66.2 (0.8)
67.2 (0.5)

50.1 (1.1)
64.9 (0.6)
64.8 (0.9)
50.9 (3.5)
63.7 (0.7)
66.3 (0.5)
61.1 (2.2)
64.1 (0.7)
67.8 (1.6)
68.1 (1.0)
67.9 (0.4)

Junior Surgeon
Senior Surgeon

-

66.1 (6.0)
86.8 (0.8)

67.3 (6.2)
87.8 (0.9)

of the start section qs and the end section qe are computed as the aggregation of frame-level
scores and weights within corresponding time ranges:
qs = G(A1:0.3T ,U1:0.3T )

qe = G(A0.6T :0.9T ,U0.6T :0.9T ).

Then the rank loss is leveraged to enforce the start section to have a higher score than the
end section by a margin:
Lrank = max(0, 1 − (qs − qe )).
Finally, the regression loss and the rank loss are combined to train the neural networks:
Lboth = Lreg + Lrank .

5 Experiments
5.1 Setup
We perform 5 × 3 cross-validation on our dataset to evaluate the automated model. As for
the evaluation criteria, the Spearman’s rank correlation coefficient (SROCC) and the Pearson
linear correlation coefficient (PLCC) are computed against the ground truth and are averaged
over all experiment runs. More experimental details are in the supplementary.

5.2 COF Prediction
Results of COF prediction are shown in Table 2. Our method is compared with three baselines and human performance. We also examine the impact of each method component by a
set of ablation studies.
Naive baselines: Three naive baselines are tried out. Since the bleeding can lead to
an obscure operating field and the color of blood is red and highly saturated, the first two
baselines simply use the mean red value and the mean saturation value of the video as
measures of COF. Besides, because the low visibility of anatomy landmarks usually slows
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Table 3 Results of Overall Skills Prediction
Method

% SROCC (Std)

% PLCC (Std)

OTS

Direct (Automated, Lreg )
Direct (Automated, Lboth )
Surrogate (Automated, Lboth )
Direct (Juniors)
Surrogate (Juniors)
Direct (Seniors)
Surrogate (Seniors)

51.6 (1.1)
49.4 (0.5)
59.5 (0.4)
40.5 (21.6)
55.8 (7.0)
81.7 (5.5)
72.8 (7.1)

55.6 (0.5)
53.5 (1.3)
61.5 (0.2)
42.3 (22.0)
56.6 (8.1)
82.4 (4.9)
74.2 (6.1)

OPS

Direct (Automated, Lreg )
Direct (Automated, Lboth )
Surrogate (Automated, Lboth )
Direct (Juniors)
Surrogate (Juniors)
Direct (Seniors)
Surrogate (Seniors)

16.7 (2.1)
25.5 (1.3)
41.6 (0.4)
62.9 (15.0)
59.2 (6.1)
82.7 (6.1)
72.2 (7.2)

17.7 (1.4)
25.0 (1.9)
43.6 (0.5)
64.6 (13.9)
60.6 (6.8)
84.2 (5.3)
73.8 (6.4)

down the surgery, a third baseline using the duration of surgery video is tested. All the
baselines are only slightly correlated with the COF ground truth.
Ablation study on feature: A comparative experiment is performed on the features. We
compare the color or ResNet features alone with the fusion of both features. Results indicate
that using both features together is preferred. As for fusion strategy, the late fusion performs
better due to the lower feature dimension and smoother training process.
Ablation study on loss: To analyze the contribution of each loss component, the results
of models trained with the regression loss alone, the rank loss alone and the combination of
two losses are reported. The model trained with both losses jointly surpasses others. And it
is interesting that the model trained with only the rank loss can also achieve 0.528 SROCC,
implying the assumption behind this rank loss holds well in practice.
Ablation study on model: We try to utilize TCN or GRU as an alternative to the framewise MLP in the score and attention networks. Results show that these models are comparable, which probably suggests that the COF assessment does not heavily rely on temporal
reasoning.
Ablation study on aggregator: Another study is conducted on the choice of the aggregator. The attention pooling achieves the highest SROCC (0.672), with average pooling and
Top-K pooling lagging behind (0.640, 0.613 and 0.641). An appealing finding is that the
performance of Top-K pooling is fairly strong (0.641), implying that a few video frames
might be sufficient for the COF assessment.
Comparison to human performance: At last, human performances of senior and junior
surgeons are computed by using annotations of each individual surgeon as the prediction
and then averaging the results over seniors or juniors. In Table 2, our proposed model even
slightly surpasses the performance of junior surgeons (0.672 vs. 0.661). But there is still a
substantial gap between our model and senior surgeons (0.672 vs. 0.868).

5.3 Overall Skills Prediction
Our goal is to not only evaluate the COF but eventually assess overall surgical skills. Therefore, in Table 3, overall skills in both technical and procedural domains (OTS and OPS) are
predicted with or without the surrogate of COF. When with surrogate (denoted as Surrogate in the tables), the predicted overall skills are set the same as the predicted COF score.
When without surrogate (denoted as Direct in the tables), models are trained to regress
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Fig. 4 a-c) Predicted COF of whole surgeries with or without postoperative complications. Complications
develop after 12 surgeries among all 57 surgeries. d) ROC curve for color features.

overall skill scores directly by setting the OTS or OPS as the learning target in the loss
function: Lreg = |q − ŷ|. The lately fused features are employed in this experiment. We also
compute the human performances of surgeons with or without surrogate. For example, the
Direct(Juniors) in the tables means the overall skills annotated by each junior are used to
predict the ground truth of overall skills, while the Surrogate(Juniors) means the COF scores
annotated by each junior are used to predict the overall skills.
Overall technical skills: It is noticed in Table 3 that predicting OTS via surrogate is
better than directly regressing it without surrogate (0.595 vs. 0.516). This result further
validates the usefulness of COF as a skill surrogate. For junior surgeons, using surrogate
also performs better because COF has much higher senior-junior consistency than OTS in
Fig. 2. For senior surgeons, it is better not to use the surrogate since the ground truth is
defined as the annotations of seniors. Another finding is that our automated method achieves
even higher SROCC than the performance of junior surgeons (0.595 vs. 0.558). This means
the proposed method could be preferred over self-assessment or peer-assessment in the OTS
assessment of trainees.
Overall procedural skills: As for OPS, using the surrogate also surpasses direct regression considerably for the automated model (0.416 vs. 0.255). However, unlike OTS, junior
surgeons are worse when using the surrogate than not (0.592 vs. 0.629). This is due to, in
terms of senior-junior consistency, the gap between OPS and COF is narrower than that
between OTS and COF. Our automated model has not yet reached human performance on
OPS (0.416 vs. 0.629). It can be improved in the future by incorporating surgical phase
segmentation and surgical action recognition to model the procedure steps explicitly.
We provide several video demos in the supplementary.

5.4 Correlation with Clinical Outcomes
It has been established that surgical skills can affect clinical outcomes such as the complication rate after surgery [4]. Therefore, to further put our method in the clinical context, we go
beyond the manually labeled ground truth and undertake an exploratory study attempting to
link the skill predictions to postoperative complications.
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Recall that the automatic models are trained on the infrapyloric area, i.e., a phase in
gastrectomy. To validate against postoperative complications, we run the trained models on
the whole surgery to predict a global COF score. When testing on the whole surgery, models
trained on the infrapyloric area of the same surgery are excluded.
We divide the 57 surgeries into two groups, i.e., surgeries with and without postoperative
complications1 . T-tests are performed to check whether there are differences between the
global COF predictions in the two groups. As shown in Fig. 4, predictions from the models
using color, ResNet, and the fused features are examined. Currently, no significant difference
is observed for any of the conditions tested2 (p-values: color 0.039, ResNet 0.542, lately
fused 0.120). We additionally plot in Fig. 4 the ROC curve when using the color feature
prediction as a binary classifier of complications (AUC=0.69).
In the ablation studies in Table 2, the ResNet features have better performance than the
color features, because the ResNet features pre-trained on ImageNet are much stronger and
more informative than the color histograms. However, color features are better linked to
clinical outcomes. The reason might be the color features are probably more generalizable
outside the infrapyloric area than the ResNet features. The color discriminating the COF is
relatively consistent throughout the surgery, e.g., inferior fields are more likely to be red or
dark both inside and outside the infrapyloric area. However, the object semantics captured
by the ResNet features largely shift between surgical phases due to different organs, tissues,
instruments, and scenes.
6 Conclusion
In this work, we extend surgical skill assessment onto a clinical dataset. To meet the requirements in the clinical context, the COF is proposed as a skill surrogate, with supports
from both statistical analyses and empirical results. To predict overall skills automatically, a
video-based model using the COF surrogate is proposed, which has promising experimental
results.
Although our clinical dataset is superior in its number and complexity of surgeries compared to existing ones, only the infrapyloric phases of gastrectomies performed by one surgeon are included. It needs to be further investigated whether the approach generalizes well
to different operating surgeons and procedures, and whether a larger dataset offers more
evidence about the correlation with clinical outcomes. Future works could also build upon
lower-level tasks such as surgical phase segmentation and action recognition to explicitly
model the flow of surgery.
Funding This paper is supported by the Natural Science Foundation of China under contracts 61572042, 61527804, 61625201, and the Clinical Medicine Plus X-Young Scholars
Project of Peking University.
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