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I Cross-Sectional Study

Background: Automatic detection of surgical instruments is essential for artificial intelligence surgery. This study aimed to \
construct a large-scale dataset of gynecological laparoscopic surgical instruments based on real surgical scenarios, achieve high-
precision real-time detection of surgical instruments, and explore their potential application in surgical skill evaluation.

Materials and methods: This cross-sectional study collected 265 gynecological laparoscopic surgical videos from two medical
centers for instrument detection. Videos were divided into training and testing sets in a 4:1 ratio, with 161 348 instrument instances
extracted. The instruments were detected using Real-Time Models for Object Detection (RTMDet). The mean average precision,
sensitivity, and F1 score served as evaluation metrics. External validation was conducted on an independent dataset from a third
medical center. Additionally, we further compared the RTMDet with the state-of-the-art PP-YOLOE model on the same dataset.
Furthermore, this study performed real-time tracking of instruments during the vaginal cuff suturing step of laparoscopic
hysterectomy and compared the differences in kinematic data between proficient and non-proficient videos.

Results: The mean average precision, sensitivity, and F1 score for nine types of surgical instruments were 91.75%, 94.29%, and
93.00%, respectively. External validation on the independent dataset demonstrated robust performance. In the comparison with
PP-YOLOE, RTMDet demonstrated superior performance in all metrics. In the comparative analysis of kinematic data, the
proficient group demonstrated significantly lesser path lengths and inter-quartile range, shorter moving times, and higher move-
ment velocities for instruments used by both hands compared to the non-proficient group.

Conclusions: This study established a large-scale, real scenario-based database of gynecological laparoscopic instruments.
Using the RTMDet model, high-precision real-time detection and tracking of multiple instruments were achieved. Furthermore, this
study identified several instrument kinematic metrics that can be used for surgical skill assessment, providing a reference for the
objective quantification of the subjective Global Operative Assessment of Laparoscopic Skills.

Keywords: artificial intelligence surgery, cross-sectional study, deep learning, gynecological laparoscopic surgery, surgical
instruments detection, surgical skill assessment
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advancements, notably penetrating the field of medicine with
remarkable achievements in imaging and pathological
diagnosis!"?. However, its progress in the surgical field has
been slower. Drawing parallels with autonomous driving tech-
nology, the ultimate goal for Al in surgery is fully automated
surgical procedures®, wherein robotic systems can indepen-
dently perform operations. However, this ambitious goal will
need a step-by-step approach!®l,

In a 2022 white paper discussing the definitions of Al and
autonomous actions in clinical surgery, six levels of advance-
ment for automated surgical robots were defined: no autonomy,
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robot assistance, task autonomy, conditional autonomy, high
autonomy, and full autonomy®!. Currently, the evolution of
surgical autonomy primarily resides at the level of robotic
assistancel®!, where robots provide mechanical assistance with
negligible autonomy. A key step toward greater autonomy is
environmental perception'®’)) including automated detection of
surgical instruments and anatomical structures. Research into
surgical tool detection could lay a solid foundation for recogniz-
ing more complex organs and tissues, thereby providing an ideal
entry point for exploring the application of Al in surgery.

In the field of surgical instrument detection, computer vision-
based methods have gained increasing attention due to their non-
invasive nature and ability to achieve high recognition accuracy
without instrument modification. The emergence of deep learning,
along with representative models like Convolutional Neural
Networks (CNNs), the YOLO series, and transformer-based archi-
tectures, has significantly advanced the accuracy of object recogni-
tion. Despite the advancements in computer vision-based methods,
their practical application in surgical environments is still con-
strained by several critical limitations, particularly in dataset con-
struction and algorithm design.

High-precision automated detection of surgical instruments
primarily relies on high-quality data annotation and well-
designed model architecture.* ' Despite studies reporting satis-
factory detection accuracy,'"*3! several challenges remain in
these two areas. First, regarding dataset construction, most stu-
dies depend on public datasets where images are composed of
pre-selected images, often excluding blurred images, and typi-
cally sourced from a single medical institution. This can lead to
overfitting, where a model performs exceptionally well on
a specific dataset but poorly in real surgical environments!*,
limiting its practical application. Moreover, some instruments
frequently used in gynecological laparoscopic surgery, such as
myoma-grasping forceps, are not included in these public data-
sets, rendering them unusable for research in the automatic
detection of gynecological laparoscopic instruments. Second,
regarding algorithm design, detection accuracy and efficiency
are the most critical indicators in its practical application.
However, most current object detection algorithms fail to bal-
ance accuracy and efficiency, limiting their use in real surgical
scenarios. The real-time multitask detection (RTMDet) model,
proposed by Lyu et al. in 2022 and based on deep learning, has
made significant progress in addressing this challenge!'*!.
However, its application has predominantly focused on the
industrial field, with limited research in medical image detection.

Therefore, we aimed to retrospectively collect surgical video
recordings and develop a dataset for gynecological laparoscopic
instruments used in real-world scenarios, to automate the recogni-
tion, localization, and tracking of these instruments using a deep-
learning model called RTMDet. Furthermore, we explored the
potential of instrument detection to assess surgical skills, particu-
larly during the critical phase of vaginal stump suturing in laparo-
scopic hysterectomy. This cross-sectional study has been reported
in line with the Strengthening The Reporting Of Cohort Studies in
Surgery (STROCSS) guidelines!'®!,

Material and methods

Ethics statement

This study protocol was approved by the ethics committee of
Army Medical University, Chongqing, China on April 28, 2024

HIGHLIGHTS

e A large-scale gynecological laparoscopic surgical instru-
ment database was developed.

o High-precision real-time multiple instrument detection
and tracking were achieved.

e Several instrument kinematic metrics were identified for
surgical skill assessment, providing an objective quantifi-
cation reference for the subjective Global Operative
Assessment of Laparoscopic Skills criteria.

(approval number: KY2024147), and was conducted in accor-
dance with the principles of the Declaration of Helsinki. As this
was a retrospective study, the requirement for informed consent
was waived. We followed the STROBE reporting guidelines. The
work was reported in line with the STROCSS criterial*®!.

Preparation of the surgical instrument dataset

This cross-sectional study included 265 surgical videos from the
obstetrics and gynecology departments of The First Affiliated
Hospital of Army Medical University and The 958th Army
Hospital of the Chinese People’s Liberation Army. These videos
were gathered from 1 March 2022 to 31 July 2022. The inclu-
sion criterion was surgical videos of traditional laparoscopic
procedures performed for any gynecological disease. The video
resolutions were 1920 x 1080, 720 x 576, and 720 x 480 pixels
(frame rate: 24-30 fps). Robotic surgery, as well as incomplete
or improperly formatted video recordings, were excluded.

The videos were subsequently divided into training and testing
datasets in a 4:1 ratio. Considering the high similarity between
surgical instruments and background information in consecutive
frames, we selectively extracted frames at 8-s intervals to avoid data
redundancy and reduce ineffective training samples. Irrelevant
scenes and frames lacking the target surgical instruments were
removed manually.

Twelve surgical instruments were incorporated (Fig. 1A), includ-
ing two types of bipolar forceps (SI-1, 2), a monopolar hook
electrode (SI-3), a needle holder (SI-4), two types of ultrasound
knives (SI-5, 6), two types of grasping forceps (SI-7, 8), scissors (SI-
9), suction irrigation tubes (SI-10), myoma-grasping forceps (SI-
11), and a myoma drill (SI-12). Notably, to reduce model complex-
ity and align with clinical requirements, the two types of ultrasound
knives and grasping forceps were consolidated into singular cate-
gories based on their similar appearances and functionalities. Five
computer researchers annotated the images with bounding boxes
under the guidance of two gynecologists (Fig. 1B).

Preparation of the external validation dataset

Most existing open-source public datasets mainly cover robotic
surgical instruments or those for laparoscopic cholecystectomy,
which differ significantly in shape from the instruments included
in this study. Therefore, we collected videos of gynecological
laparoscopic surgeries from No. 960 Hospital of the Joint
Service Support Force of the Chinese People’s Liberation Army
for external validation. The data processing methods were con-
sistent with those used in the preparation of the surgical instru-
ment dataset. During the manual annotation phase, all surgical
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[A] Surgical instruments

Figure 1. lllustrations and annotation methods of surgical instruments. Panel A shows the illustrations of 12 surgical instruments, with SI-5 and SI-6, as well as SI-
7 and SI-8, consolidated into single categories for the study. Panel B demonstrates the manual annotation method for surgical instruments.

instruments in the external validation set were labeled by a single
gynecologist.

Detection of surgical instruments

A deep learning-based object detection algorithm was used to
detect the surgical instruments. The model adopted was devel-
oped based on RTMDet by incorporating specific modifications
into the original framework. The primary modification involved
pruning optimization"”’, which was dynamically adjusted during
the experimental process to ensure the model met the frame rate
requirements for practical applications. The constructed network
comprises three major components: a modified backbone net-
work based on CSPNeXt!'®! a feature-augmentation module
using PANet!”! and a detection head (Fig. 2). The backbone
network primarily generates downsampled feature maps with
factors of 8, 16, and 32. The feature-augmentation module
enhances these images by integrating feature maps from various
hierarchical levels, and the detection head interprets these maps to
generate predictive outcomes, including confidence scores,

classification labels, and coordinates of the detected instruments.
Predictions by the model were considered valid only if the gener-
ated confidence scores exceeded a threshold of 0.2. After detec-
tion, results were refined through post-processing to produce the
final bounding boxes. Specifically, we applied non-maximum
suppression (NMS) with a threshold of 0.3 to filter overlapping
bounding boxes and retain the most accurate predictions. Model
pre-training was accomplished using the Microsoft Common
Objects in Context (MS COCO) dataset!?"!,

For data management, the dataset comprised images at three
different resolutions. However, only the images resized to
960 x 544 pixels were used in the inference stage. This resolution
was finalized by downsampling or resizing the original input,
followed by strategic zero padding along the inferior and right
margins. Before network submission, each RGB image was indi-
vidually standardized. Specifically, for each pixel in the three
channels (red, green, and blue), the mean values (123.675 for
red, 116.28 for green, and 103.53 for blue) were subtracted, and
then the results were divided by variance (58.395 for red, 57.12
for green, and 57.375 for blue). Data augmentation was
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Figure 2. Diagram of the network structure. Conv2d, Convolution Layer; BN, Batch Normalization; SiLU, Sigmoid Linear Unit; MaxPool, Max Pooling; CBA,
Convolutional Block Attention; ConCat, Concat Layer; CSP, Cross Stage Partial; SPP, Spatial Pyramid Pooling; €D, Element-wise Sum; Deconv, Deconvolution.

implemented as an online augmentation scheme and applied to
each input batch. To ensure the reproducibility and reference
value of the test results, data augmentation was not performed
on the test set. The computational framework for training
employed eight NVIDIA Tesla V100 GPUs with a batch size of
256, using the AdamW optimizer with an initial learning rate of
0.004. A detailed comparison of the hyperparameters used in
this study with the original RTMDet implementation is provided
in Supplemental Digital Content, Table 1, available at: http://
links.Iww.com/JS9/E332. Specific details of the data augmenta-
tion methodologies are provided in Supplemental Digital
Content, Table 2, available at: http:/links.lww.com/JS9/E333.
In total, 300 epochs were conducted to derive the final model,
which was subsequently implemented in an NVIDIA Tesla V100
within the inference environment. Additionally, we further com-
pared the RTMDet with the state-of-the-art PP-YOLOE model
on the same surgical instrument dataset.

Preparation of the vaginal stump suturing dataset

Eleven surgical video recordings of laparoscopic hysterectomies
distinct from the surgical instrument dataset were included in the
suturing dataset. Segments of the vaginal stump sutures were
extracted manually. Subsequently, three clinical experts inde-
pendently assessed the videos based on the Global Operative

Assessment of Laparoscopic Skills (GOALS)!*!1, which evaluates
laparoscopic surgery performance according to the following
five fundamental facets: depth perception, bimanual dexterity,
efficiency, tissue handling, and autonomy. Each aspect was
scored on a rating of 1-5. Given the impracticality of the experts
in ascertaining the absence or presence of auxiliary guidance
from another physician, the autonomy criterion was omitted.
Consequently, the possible score for each video ranged from 4 to
20. The average scores were calculated, and the videos were
classified as proficient or non-proficient using a cutoff score of
12. This assessment was performed in a single-blind manner to
avoid bias related to the surgeon’s identity.

Tracking of surgical instruments

Employing the object detection algorithm, the categories and
bounding boxes of the surgical instruments present in the videos
of vaginal stump suturing were predicted frame-by-frame. It is
important to note that vaginal stump suturing is primarily per-
formed using grasping forceps and needle holders. In special
cases, such as when a suction irrigation tube is needed to clear
a blood-contaminated surgical field, other instruments may
appear. However, in the analyzed surgical videos, only these
two instruments were present. During prediction, they might
be incorrectly classified as other instruments. To avoid
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trajectory interruptions from such mispredictions, we retained
only the detection boxes corresponding to these two types of
surgical instruments. Subsequently, the centroid coordinates of
the predicted bounding boxes were computed and recorded. If an
instrument was detected in successive frames, a line was drawn
linking the pertinent points, thereby generating a trajectory that
delineates the instrument’s motion. The length of these trajec-
tories embodies the path length traversed by the instruments,
quantified in pixels, whereas the comprehensive tally of points
disseminated along the trajectory signifies the moving time of the
instruments, quantified in frames. Consequently, the quotient
derived by dividing the instrument’s path length by its moving
time was defined as the movement velocity. Given the complexity
of motion trajectories during the entire vaginal stump suturing
phase, the process was methodologically decomposed based on
individual stitches. The start point of a single stitch was defined as
when the needle initially contacted the vaginal stump tissue, and
the endpoint was defined as when the needle contacted the tissue
again for the next stitch.

Evaluation metrics

Precision, sensitivity (recall), and F1 score served as metrics to
evaluate the predictive capabilities of the models, which are
characterized by the quantities of true positives (TP), false posi-
tives (FP), and false negatives (FN). High precision indicates
a lower risk of mistakenly identifying instruments. High sensi-
tivity signifies a reduced risk of missed identifications. The F1
score, which is the harmonic mean of precision and sensitivity,
effectively balances the performance of both measures. The
calculation formulas are as follows:

TP

Precision = ——
TP + FP

. TP
Sensitivity = TP+ EN

Precision . Sensitivity
Precision + Sensitivity

Fl1=2

Prediction was defined as a TP when the intersection over
union (IoU) is >0.3; otherwise, it was defined as an FN. An FP
was defined as a predicted bounding box without
a corresponding ground-truth bounding box. IoU was utilized
to assess the accuracy of the instrument localization by calculat-
ing the ratio of the intersection to the union of the predicted and
actual localization boxes. The calculation formula is as follows:

_area(P) N area(GT)
" area(P)U area(GT)

where P indicates the predicted bounding boxes, and GT
indicates the manually annotated ground-truth bounding boxes.

Statistical analyses

Statistical analyses were performed using the Statistical Package
for the SPSS (version 26.0). Continuous variables are described
as median with interquartile range and were subjected to com-
parative analysis using the Mann—Whitney U test. Statistical
significance was set at P < 0.05.

International Journal of Surgery

Results

Detection of surgical instruments

A total of 265 surgical videos from the two medical centers were
included. The extraction process resulted in 95 088 images
capturing 161 348 instances of 12 surgical instruments, includ-
ing 130 496 and 30 852 instances in the training and testing sets,
respectively (Fig. 3A). The performance of each surgical instru-
ment in the testing set is shown in Figure 3B. The ultrasonic knife
achieved the highest F1 score of 97.09%, whereas the F1 score
of the suction irrigation tube dropped notably to 85.36%. The
model generally achieved a mean average precision (mAP) of
91.75%, a sensitivity of 94.29%, and an F1 score of 93.00% in
the testing set. Instances displaying the automatic detection of
surgical instruments are depicted in Figure 4A, demonstrating
their capability to identify and locate multiple surgical instru-
ments within an image. The adopted model achieved real-time
detection of surgical instruments at 30 fps, as illustrated in
Supplemental Digital Content, Video 1, available at: http:/
links.lww.com/JS9/E337.

During the construction of the external validation dataset, the
data were sourced from a single medical center, resulting in
limited coverage of surgical instrument types. Specifically, data
for bipolar forceps 2 and myoma drill were not collected. In the
external validation set, a total of 1401 images were included,
capturing 2564 targets. On the external validation dataset, the
RTMDet achieved an mAP of 87.57%, a sensitivity of 93.37%,
and an F1 score of 90.37%. The detailed predictive performance
for each surgical instrument is provided in Supplemental Digital
Content, Table 3, available at: http://links.lww.com/JS9/E334.

Specific prediction errors manifested under the following cir-
cumstances: (1) the model missed the detection of bipolar for-
ceps 2 and incorrectly predicted it as grasping forceps due to the
similarity in their external shapes (Fig. 4Ba); (2) suboptimal
image quality leading to missed detection and prediction errors,
including conditions such as fog, motion blurring, and exces-
sively dark scenes (Fig. 4Bb, c); (3) the emergence of numerous
identical predictions for a single instrument is a phenomenon
particularly prevalent in suction irrigation tubes (Fig. 4Bd); (4)
erroneous predictions of suction irrigation tubes under condi-
tions in which the tips of the surgical instruments are obscured,
rendering only the shaft visible (Fig. 4Be); (5) if the tip of an
instrument was severely occluded, it was customarily omitted
from the annotations. Nonetheless, the use of random cropping
during the training process may induce the model to generate
prediction boxes for instruments that are only partially discern-
ible (Fig. 4Bf).

We have further compared the RTMDet model with the state-
of-the-art PP-YOLOE model on the same surgical instrument
dataset. The PP-YOLOE achieved a mAP of 90.66%,
a sensitivity of 93.05%, and an F1 score of 91.78% in the testing
set. The experimental results showed that RTMDet outperformed
PP-YOLOE in all three metrics, fully validating the superiority of
RTMDet in the task of automatic surgical instrument detection.
The specific comparison data are shown in Table 1.

Tracking of surgical instruments

Eleven vaginal stump suturing videos were included for surgical
skill analysis. Three clinical experts evaluated the surgical videos
according to the GOALS criteria. Finally, seven videos were
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Figure 3. Quantities and prediction performance of surgical instruments. Panel A depicts the distribution of surgical instruments in the training and testing sets.

Panel B shows the prediction performance for each surgical instrument.

deemed proficient, and the remainder were labeled non-profi-
cient. Detailed scoring results are shown in Supplemental Digital
Content, Table 4, available at: http:/links.lww.com/JS9/E335.
The stitch counts in the proficient and non-proficient groups
were 62 and 28 stitches, respectively. Subsequently, the motion
trajectories of the instruments were generated. Figure 5Aa-h
indicates the motion trajectories of each stitch in the proficient
group, whereas i—p indicates those in the non-proficient group.
The proficient group exhibited more streamlined motion trajec-
tories and a marked similarity in the trajectories of each stitch
compared with the non-proficient group. Furthermore,
a detailed computation was conducted to determine the var-
iances in the kinematic data. The proficient group demonstrated
significantly lesser path lengths and inter-quartile range, shorter
moving times, and higher movement velocities for grasping for-
ceps and needle holders than the non-proficient group (Fig. 5B).

The detailed kinematic data are presented in Supplemental
Digital Content, Table 5, available at: http://links.lww.com/
JS9/E336.

Discussion

To the best of our knowledge, this is the largest-scale study on
the automatic detection of laparoscopic surgical instruments and
is the first application of RTMDet in the medical field. We
developed a large-scale database of gynecological laparoscopic
instruments and achieved high-precision real-time detection of
multiple surgical instruments. Furthermore, we analyzed the
differences in kinematic characteristics between videos labeled
as proficient or non-proficient. The initial exploration affirmed
the potential value of instrument detection for assessing surgical

skills.
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[A] Prediction images

ectrode Monopolar 76%

Figure 4. Prediction images and erroneous predictions of the model. Yellow box indicates the ground-truth box, while green indicates the predicted one. Panel
A shows the prediction images. Panel B shows the instances of erroneous predictions. Yellow dots indicate instances of missed detection of instruments.
Incorrect category prediction at correct location is classified as a missed detection.

In object detection tasks, there is often a delicate balance to be
maintained between accuracy and efficiency, which can be
described as enhancing the precision often comes at the cost of
reduced inference speed or increased consumption of computa-
tional resources. However, RTMDet achieves a remarkable bal-
ance between high accuracy and low latency. This is
accomplished by improving efficiency and precision using
large-kernel depth-wise convolution and applying soft labels in
dynamic label assignments. Additionally, the integration of
advanced training techniques further amplifies its performance.
These improvements make RTMDet particularly suitable for
medical applications that require real-time analysis and deci-
sion-making. In this study, by employing the RTMDet

algorithm, all three metrics (precision, sensitivity, and F1
score) surpassed the 90% threshold. Xu et al. compared PP-
YOLOE with several mainstream object detection models, such
as YOLO series and EfficientDet, and demonstrated that PP-
YOLOE achieved the best detection performance on the COCO
dataset!*?!, Based on this finding, we further compared the
RTMDet model with the state-of-the-art PP-YOLOE model on
the same surgical instrument dataset. The experimental results
showed that RTMDet outperformed PP-YOLOE in accuracy,
recall, and F1 score, fully validating the superiority of RTMDet
in the task of automatic surgical instrument detection. For com-
parative analysis, we conducted a review of similar studies.
Yamazaki et al. utilized YOLOv3 to detect 14 surgical
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Comparison of RTMDet with PP-YOLOE

RTMDet PP-YOLOE
Instrument Precision (%) Sensitivity (%) F1 score (%) Precision (%) Sensitivity (%) F1 score (%)
Bipolar forceps 1 95.49 97.15 96.31 93.21 96.33 94,74
Bipolar forceps 2 94.41 92.39 93.39 92.55 93.12 92.83
Hook electrode monopolar 88.35 94.11 91.14 89.11 90.35 89.73
Needle holder 94.94 97.04 95.98 92.77 95.13 93.94
Ultrasound knife 95.89 98.32 97.09 96.32 97.55 96.93
Grasping forceps 90.19 97.16 93.55 89.03 95.49 9215
Scissors 89.23 93.41 91.27 89.91 94.15 91.98
Suction irrigation tube 77.44 95.08 85.36 79.01 90.76 84.48
Myoma grasping forceps 99.26 81.71 89.63 91.11 83.88 87.35
Myoma drill 92.32 96.56 94.39 93.55 93.74 93.64
AVG 91.75 94.29 92.81 90.66 93.05 91.78

instruments, achieving an average precision of 87% and sensitiv-
ity of 83%!"%\. Vardazaryan et al. evaluated several architectures
and achieved an mAP of 87.4% and a sensitivity of 88.8%%!.
Although different datasets were used, and direct comparison
might have inherent limitations, surpassing 90% in accuracy,
sensitivity, and F1 score sufficiently demonstrated the unique
advantages of RTMDet in surgical instrument detection tasks.

While the RTMDet demonstrated exceptional performance
across most surgical instruments, the suction irrigation tube
exhibited a relatively lower F1 score of 85.36%, primarily
attributed to a lower precision rate of 77.44%. This indicates
that 22.56% of the predicted samples were FP, suggesting chal-
lenges in distinguishing the suction irrigation tube from other
instruments. Specifically, the model exhibited a tendency to
misclassify the shafts of other instruments as the suction irriga-
tion tube, a phenomenon likely attributable to visual similarities
in the shaft portion of these instruments. This issue was further
compounded by the complex visual environment inherent to
surgical settings, where instruments often overlap or were par-
tially occluded, thereby increasing the likelihood of misclassifi-
cation. Future work needs to explore strategies to address these
challenges, including targeted data augmentation and the adop-
tion of lightweight architectures, with the aim of enhancing the
model’s ability to accurately distinguish the suction irrigation
tube from other surgical instruments.

Some drawbacks of mainstream public datasets include sin-
gle-source data and limited coverage of surgical scenarios. To
enhance the model’s generalization and predictive performance,
we adopted several critical measures during dataset construc-
tion. First, surgical videos from two medical centers were
included in the dataset, covering almost all types of gynecologic
laparoscopic instruments, which ensured the broad applicability
of the model. Second, we established a large-scale dataset by
collecting numerous surgical videos. The increase in data volume
allowed the model to acquire a broader range of surgical scenar-
ios and instrument characteristics during training, thereby
improving its performance across varied surgical environments.
Finally, during manual annotation, we provided annotations
even when the images were blurred or fogged, provided that
the instrument type could be identified by the annotators. The
meticulous annotation strategy effectively enhanced the model’s
robustness, enabling it to perform excellently in complex surgi-
cal scenarios.

In this study, we achieved high-precision real-time detection
of surgical instruments and conducted corresponding applica-
tion tests, further demonstrating its value in surgical skill assess-
ment. Previous studies have demonstrated that surgical skills
profoundly influence patient outcomes, particularly in compli-
cated surgical procedures.**2¢! Video-based assessment can
provide surgeons with comprehensive feedback, improving
their surgical capabilities’”. Traditional video-based assess-
ments typically rely on retrospective review of surgical videos
by experts, which is time-consuming and may suffer from una-
voidable biases?®!. Consequently, there is a pressing need for an
objective and automated assessment tool to improve the current
situation. For example, Jin et al. analyzed timelines, heat maps,
and trajectories of surgical instruments during laparoscopic cho-
lecystectomy, reporting significant differences in tool utilization,
operational focus areas, and movement patterns among sur-
geons with different competencies®”. However, their findings
lacked quantification and thus failed to standardize surgical skill
evaluation metrics. As is well-known, suturing is a fundamental
skill for surgeons. Specifically, the procedural complexity of
vaginal cuff suturing during laparoscopic hysterectomy exhibits
minimal variation among patients. Consequently, the current
study utilized vaginal cuff suturing as a focal point, generated
trajectories of surgical instruments, and explored the differences
in surgical videos labeled as proficient or non-proficient.
Through a comparative analysis of videos of vaginal stump
suturing performed by surgeons with different skill levels, we
discovered that the proficient group exhibited reduced path
length and moving time, increased kinematic velocity, and
reduced interquartile range for each suture, which correspond
to bimanual dexterity, efficiency, tissue handling, and depth
perception outlined in the GOALS. Therefore, these subjective
indicators can be described using quantifiable metrics. This
imparts greater significance to our research and offers the poten-
tial to provide valuable feedback to surgical teams in the future,
thereby playing a crucial role in enhancing surgical education.

Beyond its role in surgical skill assessment, the analysis of
surgical instrument motion trajectories holds broader implica-
tions for optimizing surgical workflows and enhancing training
methodologies. By analyzing these motion trajectories, it is pos-
sible to optimize surgical workflow design and provide data
support for standardizing surgical techniques. Furthermore,
real-time alerts can be triggered when surgical instruments
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Comparison of kinematic data for surgical instruments between proficient and non-proficient groups

Proficient group = Non-proficient group
Path length (pixels) Moving time (frames) Movement velocity (pixels/frames)
1500007 p<0.001 P<0.001 75009 p<p 001 P<0.001 1209 P=0.003 P=0.005
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Figure 5. Kinematic data of surgical instruments. Panel A shows the instrument trajectories. (a—h) Motion trajectories of each stitch in the proficient group. (i-p)
Motion trajectories in the non-proficient group. Within these images, green lines indicate the trajectories of the grasping forceps, while red lines indicate the
trajectories of the needle holder. Panel B shows the comparison of the kinematic data of each surgical instrument per stitch between the proficient and non-
proficient groups.

significantly deviate from the optimal trajectories, enabling inefficiency in surgical operations. This helps young surgeons
young surgeons to adjust their operations promptly and reduce  pinpoint areas for improvement and achieve targeted skill
surgical risks. Additionally, post-operative analysis of instru- enhancements. These technological advancements can trans-
ment motion trajectories can identify patterns of efficiency and  form surgical training from traditional experiential teaching to
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an intelligent and standardized approach, ultimately leading to
significant improvements in surgical training efficiency.

Our study has some limitations. First, although the model
proposed has been validated using an external dataset from
another medical center, it is still in the proof-of-concept stage.
Ideally, validation should be performed on a publicly available
dataset to ensure broader generalizability. However, existing
open-source datasets primarily focus on surgical instruments
used in robotic surgeries or laparoscopic cholecystectomies,
which differ significantly in shape from the instruments included
in our study. Therefore, we had to rely on our own constructed
external validation set. Second, all the surgical videos in this
study were in a two-dimensional format. Consequently, the
Z-axis was not included in the trajectory, which may have led
to systematic errors. Disparate distances between the camera
and the vaginal stump across videos can lead to systematic errors
as well. Third, the detection performance of the suction irriga-
tion tube was less satisfactory than that of other instruments.
Future studies could address this issue by introducing light-
weight architectures to improve the model’s ability to distin-
guish between instruments. Furthermore, although this study
identified several potential indicators for assessing surgical
skills, we believe that there are still numerous undiscovered
differential indicators within kinematic metrics. Finally, the cur-
rent study’s grouping design may overlook intermediate skill-
level surgical cases, leading to extreme differences in results that
may not fully reflect the continuity and diversity of skill levels in
actual clinical practice. In future studies, it is necessary to further
refine the grouping into expert, intermediate, and novice cate-
gories. This will help validate the applicability and sensitivity of
these kinematic metrics across different skill levels, thereby pro-
viding a more comprehensive understanding of the complexity
of surgical skill assessment and developing more universal eva-
luation methods.

Conclusion

We developed a large-scale gynecological laparoscopic surgical
instrument database based on real surgical scenarios, with
detailed annotations of the positions and types of surgical instru-
ments. For the first time, we applied the deep learning-based
RTMDet to achieve high-precision real-time detection and
tracking of multiple instruments within this database. In com-
parison with the state-of-the-art PP-YOLOE, RTMDet has
shown superior performance, further confirming its effective-
ness in the task of automatic surgical instrument detection.
Furthermore, we identified key differences in the kinematic
data of instruments between surgical videos of varying profi-
ciency levels. These differences will aid in evaluating surgical
skills and providing timely feedback to surgical teams, which
may play a significant role in surgical education.
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