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Abstract

Peritoneal metastasis (PM) is the most common distant metastatic pattern and leading cause of mortality in
advanced gastric cancer (GC), but tiny or occult PM is often missed by conventional preoperative imaging.
Staging laparoscopy (SL) is recommended by multiple international guidelines as the gold standard for the
diagnosis of PM, yet intraoperative recognition still depends heavily on surgeons’ experience. Computer vision
(CV) may assist PM recognition during SL, yet public surgical datasets mostly focus on normal anatomy and
instruments, with little metastatic lesion data. Here, we present the GCPM-SL-20 dataset, the first publicly
available pixel-level dataset, containing 1920 high-resolution frames from 20 SL procedures in patients with GC:
1013 positive frames with PM lesion segmentation masks and 907 negative frames without lesions. All frames
were labeled by peritoneal location, while positive frames were labeled according to metastatic extent. Five-fold
cross-validation with eight representative and popular segmentation models showed that Swin Transformer
achieved the highest Dice coefficient of 0.55. Overall, the GCPM-SL-20 dataset uniquely integrates pixel-level PM
lesion masks, peritoneal location and metastatic extent labels, and visually similar negative frames, providing
essential information for developing CV models for accurate intraoperative PM recognition during SL for GC.

Background & Summary

Gastric cancer (GC) is the fifth most prevalent malignancy and the third leading cause of cancer-related mortality
worldwide1. Peritoneal metastasis (PM) represents the most common pattern of distant metastasis in GC,
occurring in approximately 14% of patients at initial presentation2, 3. Once PM is confirmed, the disease is
immediately classified as stage IV GC, resulting in a complete shift of the treatment strategy towards
predominantly systemic therapy4. If PM goes undetected, treatment is delayed or suboptimal, and the 5-year
survival rate drastically declines to below 8%5. Consequently, the accurate diagnosis of PM is critical for guiding
appropriate clinical management6. Currently, contrast-enhanced computed tomography (CT) serves as the
primary diagnostic method for clinical staging of GC, while positron emission tomography (PET) is typically
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utilized when distant metastasis is suspected7, 8. However, these diagnostic methods demonstrate limited
performance in detecting PM preoperatively and are particularly inadequate for identifying tiny or occult metastatic
lesions, yielding a sensitivity of merely 11%-48%, which frequently leads to missed diagnoses9, 10. To overcome
these diagnostic limitations, staging laparoscopy (SL) serves as a minimally invasive and cost-effective procedure
for accurate GC staging, as recommended by several international treatment guidelines8, 11, 12. SL achieves a
direct, comprehensive inspection of the abdominal cavity, enabling the detection of occult PM that typically is
undetectable by conventional preoperative imaging. Given its diagnostic superiority, SL plays a pivotal role in the
evaluation of PM11, 13.

However, the diagnostic accuracy of SL remains highly dependent on the surgeons’ clinical experience, with
reported missed diagnosis rate for intraoperative identification of PM ranging from 5.1% to 15.4%14, 15, 16, 17. As
SL is typically performed by junior surgeons under the supervision of senior surgeons, tiny or occult metastatic
lesions are difficult to identify. Furthermore, PM lesions exhibit significant variability in their size, shape, and
color18, making intraoperative detection particularly demanding and requiring substantial surgical experience.
These PM lesions are highly prone to being missed due to visual fatigue, low tissue contrast, restricted visibility,
and uneven illumination within the surgical cavity. The omission of PM ultimately leads to incorrect tumor staging
and potentially unnecessary gastrectomies18, 19, which hinders the selection of the optimal intraoperative
treatment strategy and results in poorer patient survival outcomes. Consequently, high-quality lesion-annotated
laparoscopic image datasets are urgently needed to characterize the intraoperative visual features of PM lesions
and provide reusable resources for surgical education. They may also support the development of real-time
intraoperative assistance tools, thereby improving PM lesion detection accuracy during SL.

Surgical Data Science (SDS) is an interdisciplinary field that leverages artificial intelligence (AI) and data analytics
to systematically analyze and model surgical data, aiming to enhance the quality of surgical care20, 21.
Specifically, within the intraoperative setting, SDS utilizes computer vision (CV) to analyze surgical videos,
providing context-aware assistance through applications such as intraoperative diagnosis22, surgical navigation23

and skill assessment24. However, the successful development of SDS applications relies fundamentally on the
availability of high-quality surgical datasets. Currently, publicly available surgical datasets such as SurgAI25,
Heidelberg colorectal dataset26, Cataract-1K Dataset27, and SLAM dataset28, mainly focusing on anatomical
structures, surgical instruments, phases, and actions, but generally lack annotations for intraoperative lesions,
particularly metastatic tumor lesions. This gap reflects the difficulty of identifying metastatic lesions in surgical
videos and generating reliable pixel-level annotations, highlighting the clinical and research value of a public
laparoscopic dataset for PM during SL in patients with GC.

Despite the absence of publicly available surgical image datasets of lesions, recent studies have increasingly
investigated AI-driven intraoperative diagnosis, particularly for the recognition and evaluation of PM during SL29.
Specifically, existing studies have explored a variety of CV tasks for PM lesion analysis, including lesion object
detection30, pixel-level segmentation29, benign-malignant classification22, prognosis prediction31, and lesion size
estimation32. Noteworthy, we developed a segmentation-based real-time AI system for PM lesion recognition
during SL in patients with GC29. A comprehensive summary of current research dedicated to intraoperative PM
evaluation is provided in Table 1. However, the datasets used in these pioneering studies have not been publicly
released, which remains a critical bottleneck for algorithmic reproducibility and the broader application of SDS in
SL.

Our previous construction and public release of the Laparoscopic Gastric Cancer Key Vascular Anatomy Dataset
(LapGC-KVAD-30) established a foundation for developing high-quality surgical image datasets in laparoscopic
GC surgery33. As summarized in Table 1, existing AI studies for PM identification and evaluation have involved
both gynecological and digestive-system malignancies. However, AI models developed for gynecological cancers
may not be directly transferable to GC because PM in gynecological malignancies can differ from that in
digestive-system malignancies in metastatic distribution and laparoscopic appearance34. Building on our prior
dataset development experience and addressing the lack of publicly available surgical image datasets for PM in
GC, we further developed the Gastric Cancer Peritoneal Metastasis Staging Laparoscopy (GCPM-SL-20) dataset,
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also referred to as Southern Medical University - Nanfang Hospital - Gastric Cancer - 02 Dataset (SMU-NF-
GC-02 Dataset). Derived from 20 complete SL videos from patients with GC, the dataset comprises 1920 expert-
validated, manually annotated high-resolution frames, including 1013 positive frames depicting pathologically
confirmed PM lesions and 907 negative frames without PM lesions. As the first open-source dataset for PM
identification during SL, the GCPM-SL-20 dataset features comprehensive, expert-validated annotations that
combine pixel-level lesion segmentation with structured labels, systematically characterizing both the metastatic
extent and peritoneal location. Figure 1 provides an overview of the dataset construction and annotation workflow.
Aimed at providing a foundational resource for the development of AI-driven intraoperative diagnosis and
assistance systems, the GCPM-SL-20 dataset enables surgeons and researchers to gain a deeper understanding
of PM characteristics during SL. Moreover, given the shared lesion features of PM across digestive system
malignancies, including GC, colorectal, hepatic, pancreatic, and biliary tract cancers, this dataset may also inform
AI development for intraoperative PM recognition during SL of these malignancies. This dataset can contribute to
refining intraoperative staging and real-time lesion identification, ultimately enhancing the accuracy of SL and
potentially improving clinical outcomes for GC patients.

Methods

Data collection

This dataset comprises 20 complete videos of SL performed at the initial presentation of patients with advanced
GC between April 2017 and September 2022 at Nanfang Hospital, Southern Medical University. None of the
enrolled patients had received perioperative radiotherapy or chemotherapy. All laparoscopic videos were captured
with KARL STORZ imaging systems and saved as MPG4 format with a resolution of 1920×1080 pixels. All
metastatic lesions were confirmed by SL and pathological biopsy. To ensure patient confidentiality, all identifiable
patient information (e.g., names, ages, and surgery dates) was anonymized during dataset construction. To avoid
using patient-related identifiers, each video was given a simple numeric ID (e.g., 1, 2, 3). This study was
approved by the Medical Ethics Committee of Nanfang Hospital, Southern Medical University (Approval Number:
NFEC-2023-392). Given the retrospective, observational design of the study and the use of anonymized patient
data, the committee waived the requirement for individual patient consent.

Frame extraction

All videos included in this dataset were curated to exclude peritoneal cytology, lesion excision biopsy, and closure
of the abdominal wall incision; only clips depicting the intra-abdominal exploration of various peritoneal locations
were retained. Figure 2a displays the durations of the original and edited videos included in the dataset. Video
frames were manually extracted from the edited videos using the FFmpeg framework (www.ffmpeg.org) by three
expert surgeons (H.C., Y.H., and J.Y.).

The dataset consists of both positive and negative frames. Positive frames were defined as frames displaying the
peritoneal surface with at least one visible metastatic lesion. To ensure data quality, the selection of positive
frames adhered to the following criteria: (1) metastatic lesions must be located on the peritoneum; (2) the
intraoperative observation time of the lesions must be sufficient (at least 5 seconds) to allow frame extraction from
multiple angles and distances; (3) frames are clear without excessive glare, surgical smoke or severe blurring; (4)
the lesions shown in the frames was pathologically confirmed as PM lesions by biopsy. Negative frames were
defined as frames that capture peritoneal areas without visible metastatic lesions and maintain adequate visual
clarity, consistent with the third criterion applied to positive frames. These negative frames were included to
represent visually similar non-metastatic regions, including normal anatomical structures, inflammatory changes,
and reflections, thereby helping models distinguish PM lesions from common intraoperative mimics and reduce
false-positive detections during intraoperative application. Figures 2b and 2c summarize the distributions of
positive and negative frames across the dataset.

Annotation

The annotation group consisted of three expert surgeons (H.C., Y.H., and J.Y.), each with experience in more
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than 600 laparoscopic GC surgeries and serving as a core member of CLASS group (Chinese Laparoscopic
Gastrointestinal Surgery Study Group), as well as six medical annotators, including one novice surgeon (L.G.)
and five medical students (S.P., Y.L., Y.Z., J.C., and Z.Y.). The novice surgeon had participated in over 20
laparoscopic GC surgeries. The medical students had received undergraduate training in medicine, including
courses in anatomy and surgery, and had reviewed more than 50 laparoscopic GC surgery videos (including SL
procedures). Consequently, all annotators were highly familiar with the visual characteristics of PM lesions under
laparoscopy.

Prior to the annotation process, all annotators underwent systematic and strict training, which included reviewing
a substantial number of SL videos of patients with GC, observing live laparoscopic surgeries, identifying PM
lesions, and receiving instruction in the use of the LabelMe annotation tool35. We chose to use the polygon
annotation approach to segment PM lesions. Compared with point annotation or bounding-box annotation,
polygon annotation enables more precise delineation of the true shape and irregular boundaries of PM lesions,
while reducing the inclusion of surrounding normal peritoneal tissue and other false-positive regions. Ultimately, a
detailed annotation protocol was established to define the annotation standards and minimize annotation
inconsistency. The annotation protocol is outlined as follows: (1) only annotate clearly visible PM lesions. (2)
when multiple PM lesions appear within the same frame, annotators should outline the boundary of each lesion
separately. (3) for extensive PM lesions, outline the entire lesion boundary and then separately outline the
boundary of the normal peritoneal tissue within the lesion; during segmentation mask generation, exclude the
normal tissue to ensure accurate annotation of the lesion boundaries. (4) for extensive PM lesions, when
metastases and normal peritoneum within the entire metastatic region are similar in appearance and cannot be
reliably distinguished, annotate the entire region together.

During the annotation process, the medical annotators performed the initial pixel-level segmentation annotations.
Expert surgeons subsequently reviewed the resulting annotations to ensure strict adherence to the annotation
protocol. Annotations that did not meet the required standards were sent back to the medical annotators for re-
annotation until full compliance was achieved. The entire annotation process lasted seven months from
September 2025 to March 2026. PM lesions with different peritoneal locations and metastatic extents exhibit
substantial variations in morphology and color, which contributed to the complexity of the annotation process.
Annotation of each frame typically required 3 to 5 minutes, whereas frames containing extensive PM lesions could
require more than 10 minutes to complete. In addition, to minimize the influence of lighting conditions and other
visual factors in the surgical videos on lesion identification, annotators spent approximately one additional hour
reviewing the original video to ensure annotation consistency across consecutive frames.

Finally, expert surgeons performed a thorough check to prevent the misidentification of PM lesions, requiring
approximately 2 minutes per frame. During this quality-control process, about 30% of frames required re-
annotation and subsequent re-review. As a result, the entire workflow, from frame extraction to final annotation,
for each surgical video required approximately 20 hours, making the construction of the dataset both time-
consuming and labor-intensive. Overall, the development of the complete dataset required approximately 400
hours, representing a substantial and highly resource-intensive undertaking. Sample annotation frames illustrating
PM across various peritoneal locations and metastatic extents are presented in Figure 3.

Furthermore, metastatic lesions were categorized into different classes based on the peritoneal location and the
metastatic extent. The peritoneal cavity was delineated into three primary regions: diaphragmatic peritoneum,
lateral peritoneum, and pelvic peritoneum. The peritoneum located along the diaphragm and the falciform
ligament was defined as the “diaphragmatic peritoneum”. The parietal peritoneum on the flanks near the jejunum,
ileum, ascending colon, and descending colon was defined as the “lateral peritoneum”. The peritoneum within the
pelvic cavity was defined as the “pelvic peritoneum”. Based on our surgical practice, we divided the metastatic
extent into three types: single, multiple, and extensive29. A frame containing only one lesion was defined as
“single metastasis”. A frame containing multiple, separate lesions was defined as “multiple metastasis”. A frame
containing large, confluent lesions was defined as “extensive metastasis”. Expert surgeons manually assigned all
labels to the 1013 positive frames. The 907 negative frames were also assigned peritoneal location labels using
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the same three-region scheme to indicate the imaged peritoneal region, but metastatic extent labels were not
applicable because no visible PM lesion was present.

Data records

The GCPM-SL-20 dataset is stored at Science Data Bank (https://www.scidb.cn/s/bINr6v)36. This dataset consists
of 20 folders and one CSV file. Each folder was assigned the same unique ID as its corresponding surgical video,
ranging from “1” to “20”. The detailed structure is described in Figure 1c and below:

Folders: Each folder contains a “Positive frames” subfolder, which stores the original positive frames extracted
from surgical videos in PNG format together with their corresponding masks of metastatic lesions, also in PNG
format. The original positive frame filenames consist of the surgery index number and frame sequence number;
for example, “1_001.png” denotes the first positive frame extracted from the surgical video of ID 1. The
corresponding mask files are named using the same filename with a “_mask” suffix; for instance, the mask
corresponding to “1_001.png” is named “1_001_mask.png”. In addition, folders numbered 2, 4, 5, 6, 9, 10, 11, 13,
14, and 15 contain an additional “Negative frames” subfolder, which stores negative frames extracted from the
corresponding surgical videos in PNG format. These negative frame filenames include a “_neg” suffix; for
example, “2_001_neg.png” denotes the first negative frame extracted from the surgical video of ID 2.

CSV file: The CSV file named “label_summary.csv” provides a detailed record for each frame. This file
documents the filename and peritoneal location label for all 1920 frames, as well as the metastatic extent label for
the 1013 positive frames.

Technical Validation

Dataset characteristics

The GCPM-SL-20 dataset contains a total of 1920 frames, including 907 negative frames and 1013 positive
frames. Figure 2 shows the distribution of positive and negative frames across the videos. Figure 4 illustrates the
distribution of different peritoneal locations and metastatic extents across all frames and videos, comprehensively
characterizing the patterns of PM lesions. For peritoneal locations (Figure 4a), the diaphragmatic peritoneum,
lateral peritoneum, and pelvic peritoneum accounted for 52.61% (533 frames), 27.05% (274 frames), and 20.34%
(206 frames) of the positive frames, respectively. For the negative frames, the diaphragmatic peritoneum, lateral
peritoneum, and pelvic peritoneum accounted for 46.42% (421 frames), 46.97% (426 frames), and 6.61% (60
frames), respectively. For metastatic extents (Figure 4b), single, multiple, and extensive metastases accounted
for 17.37% (176 frames), 68.22% (691 frames), and 14.41% (146 frames) of the positive frames, respectively.
Additionally, Figure 4c shows the combined distribution of peritoneal locations and metastatic extents.
Furthermore, Figures 4d and 4e show the distribution of peritoneal locations and metastatic extents across the 20
cases. Overall, this detailed characterization of PM heterogeneity in clinical practice provides a solid foundation
for developing and evaluating reliable AI models.

Intra- and inter-annotator consistency of PM lesion segmentation

This dataset was annotated by six medical annotators and then reviewed and verified by expert surgeons. To
assess the consistency and quality of the annotation, three types of annotator consistency were evaluated: intra-
annotator consistency (same annotator at different times), inter-annotator consistency (medical annotator vs.
medical annotator), and inter-annotator consistency (medical annotators vs. the expert surgeon). To calculate the
three kinds of consistencies, we utilized two classical metrics: Dice coefficient and the normalized 95% Hausdorff
Distance (95% HDnorm):

•  Dice coefficient (Figure 5a) is a region-based score measuring the overlap degree between different
segmentations within the range of [0, 1]. A value of 0 denotes no overlap, whereas a value of 1 signifies
complete overlap.

•  The 95% HDnorm (Figure 5b) is a normalized variant of the standard 95% Hausdorff Distance (HD) used to
evaluate the dissimilarity between different segmentation masks. The 95% HD calculates the directed
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distances from points in one set to their closest counterparts in another set, using the 95th percentile to
reduce the influence of outliers. In this study, this metric is normalized by the image diagonal length to
obtain the 95% HDnorm. It restricts the metric value to a range of 0 to 1, allowing for a consistent evaluation
of dissimilarity across different cases. Notably, a value of 0 represents the best result, indicating complete
overlap between different segmentation masks, whereas larger values indicate greater dissimilarity
between different segmentation masks. A value of 1 indicates that the 95% HD is equal to the image
diagonal length, representing the upper limit of the normalized dissimilarity measure.

To assess annotator consistency, a subset of 50 positive frames was randomly selected from the GCPM-SL-20
dataset. This subset included at least one frame from each video, covering all kinds of metastatic extents and
peritoneal locations. The detailed results of intra- and inter-annotator consistency are displayed in Table 2.

•  For intra-annotator consistency, six medical annotators were required to annotate the 50 positive frames
twice. Each annotation session was completed within one week, and the interval between the two sessions
was at least two weeks. The Dice coefficients for different metastatic extents and peritoneal locations
ranged from 0.90 (±0.09) to 0.94 (±0.05), indicating the high reproducibility of our labels and the reliability
of the annotation process. Significantly, 95% HDnorm values between 0.03 (±0.07) and 0.06 (±0.12) also
firmly supported the intra-annotator reliability of our dataset.

•  For inter-annotator consistency (medical annotators), the segmentation masks provided by all annotators
for the 50 frames were compared. The Dice coefficients for different metastatic extents and peritoneal
locations ranged from 0.82 (±0.09) to 0.92 (±0.04), indicating high inter-annotator consistency.
Correspondingly, the 95% HDnorm values, ranging from 0.04 (±0.08) to 0.06 (±0.14), further demonstrated
the satisfactory consistency of the dataset.

•  For inter-annotator consistency (medical annotators vs. the expert surgeon), the segmentations provided
by the medical annotators were compared with those of the expert surgeon across the 50 frames. The
mean Dice coefficient of all frames was 0.78 (±0.20). For different metastatic extents, the Dice coefficients
ranged from 0.63 (±0.37) to 0.85 (±0.12); for different peritoneal locations, the Dice coefficients ranged
from 0.76 (±0.23) to 0.83 (±0.13). The annotation consistency for extensive metastases was only 0.63,
below the ideal threshold of 0.75 and lower than that for single and multiple metastases, indicating less
satisfactory inter-annotator agreement. This was primarily because extensive metastases required the
delineation of large regions containing multiple confluent lesions, rather than outlining individual lesion
boundaries as in the single and multiple metastases. This increased subjectivity made accurate annotation
more challenging, highlighting the necessity of the expert review process in this study. It also underscores
the substantial clinical and research value of the publicly available PM surgical imaging dataset containing
extensive metastatic cases.

In conclusion, the analysis of annotator consistency for the selected subset demonstrated a high level of
agreement, which provides a solid foundation for the reproducible segmentation and accurate annotation of
metastatic lesions.

Comparison of deep learning models for PM lesion segmentation

For the comparison of deep learning models, we applied a five-fold cross-validation strategy on 1920 frames
corresponding to 20 cases. In each fold, 16 cases (80%) were assigned to the training set, while the remaining 4
cases (20%) were used for validation. To prevent overfitting induced by data leakage, each fold ensured that
frames from the same patient are exclusively allocated to either the training set or the validation set. Figure 6
shows the five-fold cross-validation strategy and the label distribution in the training and validation sets for each
fold. To evaluate the segmentation performance, we used four evaluation metrics: the Dice coefficient,
Intersection over Union (IoU), Recall, and the 95% HDnorm. For negative frames with empty ground-truth masks,
a prediction was considered correct only when no lesion pixels were predicted; false-positive lesion predictions on
negative frames were counted as segmentation errors. The specific formulas and visual illustrations for these
metrics are provided in Figure 5.
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In order to provide a broad performance baseline, we selected CNN-based architectures including nnU-Netv237,
Pyramid Scene Parsing Network (PSPNet)38, DeepLabV3+39, SegNet40; Transformer-based architectures
including SEgmentation Transformer (SETR)41, SegFormer42 and Swin Transformer43; zero-shot Segment
Anything Model (SAM)44. The architectures of selected models are presented in Figure 7. To prevent overfitting,
we expanded the dataset size by five times using random data augmentations including geometric
transformations and photometric adjustments. All models except for SAM were trained on an NVIDIA A30 GPU
for 20 epochs with the input size as 480×480 pixels. We used cross-entropy loss and Adam optimizer during
training process. The batch size and the learning rate were set to 48 and 0.001, respectively. The best checkpoint
was saved after training for evaluation. Specifically, SAM was evaluated in a zero-shot setting without any training
or parameter updates; for each positive frame, one point prompt was randomly sampled from the ground-truth PM
lesion region to guide lesion segmentation.

The five-fold cross-validation evaluation results on the GCPM-SL-20 dataset are summarized in Table 3. Figure 8
presents the visual results of the PM lesion segmentation. Overall, Transformer-based models consistently
outperformed CNN-based models across most metrics. Swin Transformer achieves the best overall segmentation
performance, with the highest Dice coefficient (0.55), IoU (0.42), and the lowest 95% HDnorm (0.19). Among CNN-
based architectures, the nnU-Netv2 model demonstrates the strongest performance, achieving a Dice coefficient
of 0.49, an IoU of 0.38, and a Recall of 0.47. Notably, despite exhibiting strong zero-shot generalization capability
on natural image datasets, SAM demonstrates suboptimal performance on this specific dataset (Dice coefficient
of 0.28, IoU of 0.21), even with a relatively high Recall of 0.60. Tables 4 and 5 provide detailed performance
comparisons across varying metastatic extents and peritoneal locations. Among all extents, cases with extensive
metastases achieve the best Dice coefficient for all models except nnU-Netv2 and SAM. This is because larger
and continuous lesions provide stronger contrasts against surrounding tissues. Among lesions with different
metastatic extents, multiple metastases show the least favorable performance, likely because these lesions are
small and scattered, making it difficult for the model to identify every lesion and leading to missed detections.
Regarding peritoneal location, lesions on the lateral peritoneum demonstrate the best segmentation performance
across nearly all models. Their Dice coefficients and IoU values are typically 0.1 to 0.2 higher than those of pelvic
peritoneum lesions. The pelvic peritoneum remains the most challenging location, yielding the lowest evaluation
metrics. This may be explained by the location of the pelvic peritoneum in a dependent and relatively flat
anatomical region, where physiologic peritoneal fluid and intraoperative irrigation fluid tend to accumulate under
gravity. Under laparoscopic illumination, the light source often strikes this fluid-covered surface nearly
perpendicularly, generating specular reflections and producing a bright whitish appearance. These reflective
areas may mimic PM lesions and increase the risk of false-positive interpretation by the models.

Overall, this comparison provides a reliable performance baseline for the GCPM-SL-20 dataset. We find that the
Swin Transformer achieved better performance than the other models in this task, although substantial room for
improvement remains. This further indicates the need to develop more effective AI models tailored to this specific
clinical scenario. Furthermore, the results clearly show that lesion extent and location significantly affect model
accuracy, emphasizing the complex nature of this PM lesion segmentation challenge. Therefore, constructing and
publicly releasing a segmentation dataset of PM lesions with varying metastatic extents and peritoneal locations is
of substantial importance for the development of AI-assisted intraoperative identification technologies for
metastatic lesions during SL for GC.

Advantages and limitations of the dataset

Currently, publicly available surgical datasets mainly focus on anatomical structures, instruments, phases, and
actions in laparoscopic or robotic surgery33, while open-source datasets with intraoperative metastatic lesion
annotations remain scarce, particularly for GC-related PM during SL. Although previous studies have explored AI-
assisted PM detection, segmentation, classification, and size estimation, their datasets have not been publicly
released22, 29, 30, 32. This GCPM-SL-20 dataset addresses this gap by providing, to our knowledge, the first open-
source pixel-level segmentation dataset for PM identification during SL in patients with GC. The dataset includes
1920 high-resolution frames from 20 complete SL videos, comprising 1013 pathologically confirmed positive
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frames with PM lesion masks and 907 negative frames. The main advantage of this dataset lies in its integration
of pixel-level lesion segmentation masks, metastatic extent labels, peritoneal location labels, and visually similar
negative frames, which together support SDS research, surgical education, benchmark development, and the
development of AI-assisted intraoperative PM diagnosis systems.

However, several limitations should be acknowledged. First, frames with severe blur, smoke, or glare were
excluded as PM lesions could not accurately identified and annotated under these conditions, which may
introduce selection bias. Second, the distribution of peritoneal locations and metastatic extents is imbalanced,
although this partly reflects real clinical heterogeneity. Third, all videos were collected from a single center using
the same laparoscopic system, which may limit generalizability. Future work should incorporate multicenter and
multi-device data, as well as data augmentation45 or class-balanced learning strategies46, to improve dataset
diversity and model robustness.

Data Availability

The GCPM-SL-20 dataset is publicly available at Science Data Bank (https://www.scidb.cn/s/bINr6v). The
repository contains the original PNG frames, binary lesion masks, and the label summary CSV file. The dataset is
released under CC-BY 4.0, and no additional patient-identifying information is included.

Code Availability

The code for all models in this study is available on GitHub. The links are as follows: PSPNet and DeepLabV3+
are hosted at https://github.com/Tramac/awesome-semantic-segmentation-pytorch; SegNet is hosted at https://
github.com/Deeachain/Segmentation-Pytorch; nnU-Netv2 is hosted at https://github.com/MIC-DKFZ/nnUNet;
SegFormer is hosted at https://github.com/NVlabs/SegFormer; SETR is hosted at https://github.com/fudan-zvg/
SETR; Swin Transformer is hosted at https://github.com/SwinTransformer/Swin-Transformer-Semantic-
Segmentation; SAM is hosted at https://github.com/facebookresearch/segment-anything.
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Figure Legends

Figure 1. Overview of the data acquisition and annotation process. (a) Data collection and frame
extraction: raw data were collected from 20 surgical videos of staging laparoscopy procedures for patients with
gastric cancer, from which positive and negative frames were extracted by expert surgeons. (b) Data annotation:
positive frames were assigned both peritoneal location and metastatic extent labels by expert surgeons, whereas
negative frames were assigned peritoneal location labels only; the 1013 positive frames underwent pixel-level
annotation by six medical annotators under the supervision of three expert surgeons. (c) Data records: the
complete dataset is organized into twenty folders and one CSV file. Each folder corresponds to a single surgical
video and contains a “Positive frames” subfolder, including positive frames and their corresponding PM lesion
masks. Folders numbered 2, 4, 5, 6, 9, 10, 11, 13, 14, and 15 also contain a “Negative frames” subfolder,
including negative frames extracted from the corresponding surgical video. A “label_summary.csv” file stores the
filename and peritoneal location label for all 1920 frames, together with metastatic extent labels for the 1013
positive frames. PM: peritoneal metastasis. GCPM-SL-20: Gastric Cancer Peritoneal Metastasis Staging
Laparoscopy dataset; SMU-NF-GC-02 Dataset: Southern Medical University - Nanfang Hospital - Gastric Cancer
- 02 Dataset.

Figure 2. Video lengths and frame distribution in the dataset. (a) Lengths of the original and edited videos.
Original videos include all staging laparoscopy steps; the edited videos exclude steps including peritoneal
cytology, lesion excision biopsy, and closure of the abdominal wall incision, with only intra-abdominal exploration
of different peritoneal locations retained. (b) Proportional composition of positive and negative frames within the
entire dataset. (c) Histogram showing the distribution of positive and negative frames across 20 videos.

Figure 3. Sample annotation frames of PM lesions with different metastatic extents and peritoneal
locations. This figure presents raw frames of PM lesions at varying metastatic extents and peritoneal locations
during staging laparoscopy, with corresponding pixel-level segmentation masks and mask-overlay visualizations.
PM: peritoneal metastasis.

Figure 4. Distribution of frames by peritoneal location and extent in the dataset and individual cases. (a)
Distribution of “diaphragmatic peritoneum”, “lateral peritoneum”, and “pelvic peritoneum” labels in the positive
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frames. (b) Distribution of “single”, “multiple”, and “extensive” labels in the positive frames. (c) Distribution of
metastatic extent labels stratified by peritoneal location. (d) Distribution of “diaphragmatic peritoneum”, “lateral
peritoneum”, and “pelvic peritoneum” labels across the positive frames for each video. (e) Distribution of “single”,
“multiple”, and “extensive” labels across the positive frames for each video.

Figure 5. Evaluation metrics. (a) The graphic illustrations and formulas of Dice coefficient, IoU (Intersection over
Union), and Recall. (b) The graphic illustrations and formulas of 95% HDnorm. “G” represents the ground-truth
segmentation mask of a frame while “P” denotes the prediction result of this frame. “TP”, “FP”, “FN” refer to pixels
of “true positive”, “false positive” and “false negative”, respectively. The symbol “∩” and “∪” denote the
intersection and union, respectively, of the ground truth (G) and the prediction result (P). “dGP” refers to the
minimum Euclidean distance from a point g ∈ G to the set P. “dPG” refers to the minimum Euclidean distance
from a point p ∈P to the set G.

Figure 6. Five-fold cross-validation setup and label distribution for PM lesion segmentation model
benchmarking. (a) Five-fold cross-validation strategy for PM lesion segmentation. Gray and orange boxes
denote the training and validation sets, respectively. (b) Distribution of metastatic extent and location labels in the
training and validation sets across folds. PM: peritoneal metastasis.

Figure 7. Overview of the architectures of the segmentation models evaluated in this study. PSPNet:
Pyramid Scene Parsing Network; SETR: SEgmentation Transformer; SAM: Segment Anything Model.

Figure 8. Comparative visualization of semantic segmentation models for PM lesion identification across
different metastatic extents and peritoneal locations. PM: Peritoneal Metastasis; GT: Ground truth; PSPNet:
Pyramid Scene Parsing Network; SETR: SEgmentation Transformer; SAM: Segment Anything Model.

Tables

Table 1. Comparison of current research on PM in surgical frames and the proposed GCPM-SL-20
Dataset.

Study title Study objective Year Annotation
approacha

Data labelingb Frame
count

Publication Data
availability

Development of a deep learning
system for intraoperative
identification of cancer
metastases30

Gastrointestinal
cancer PM lesion
identification

2024 Bounding box Biopsy results 3650 Annals of
Surgery

Unavailable

A reference-based approach for
tumor size estimation in
monocular laparoscopic
videos32

Abdominal
malignancy PM lesion
size estimationc

2024 Polygon
(segmentation)

PM lesion size 2309 CMMCA 2024
Proceedings

Unavailable

A pioneering artificial intelligence
tool to predict treatment
outcomes in ovarian cancer via
diagnostic laparoscopy31

Ovarian cancer
survival prediction

2025 None Survial
outcomes of
patients

3169 Scientific
reports

Unavailable

Artificial intelligence assisted
real-time recognition of intra-
abdominal metastasis during
laparoscopic gastric cancer
surgery29 (Ours)

Gastric cancer intra-
abdominal metastasis
lesion identification

2025 Polygon
(segmentation)

Metastatic
extents and
locations

5111 npj Digital
Medicine

Unavailable
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Artificial intelligence for the
assessment of peritoneal
carcinosis during diagnostic
laparoscopy for advanced
ovarian cancer34

Ovarian Cancer PM
lesion identification
and scoring

2025 Polygon
(segmentation)

Anatomical
location and
Fagotti score

7311 arXiv
(unpublished)

Unavailable

Multimodal machine learning for
staging laparoscopy: a
combined image analysis and
morphologic tool for the
discrimination of peritoneal
metastasis22

Abdominal
malignancy peritoneal
lesion Benign–
malignant
classificationd

2026 None Biopsy results
and
morphologic
features

5214 International
Journal of
Surgery

Unavailable

GCPM-SL-20: a pixel-level
segmentation dataset with
location and extent labels for
peritoneal metastasis during
staging laparoscopy for
gastric cancer (Ours)

Gastric cancer PM
lesion identification

2026 Polygon
(segmentation)

Metastatic

extents and
peritoneal
locations

1920 Scientific Data Available

aAnnotation approach refers to the annotation of specific visual features or regions of interest within each frame;

bData labeling refers to assigning a single overall label to the entire frame;

cAbdominal malignancy: not specified;

dAbdominal malignancy: gastric cancer, colorectal cancer, ovarian cancer, pancreatic cancer, appendiceal
cancer, cholangiocarcinoma, hepatocellular carcinoma, esophageal cancer, and other malignancies;

GCPM-SL-20 dataset: Gastric Cancer Peritoneal Metastasis Staging Laparoscopy dataset; PM: peritoneal
metastasis; CMMCA: Computational Mathematics Modeling in Cancer Analysis.

Table 2. Intra- and inter-annotator consistency metrics for PM lesion segmentation.

Category Intra-annotator consistency

(annotator)

Inter-annotator consistency

(annotator vs. annotator)

Inter-annotator consistency

(annotators vs. expert surgeon)

Dice coefficient 95% HDnorm Dice coefficient 95% HDnorm Dice coefficient 95% HDnorm

Overall 0.91 (0.08) 0.03 (0.07) 0.85 (0.09) 0.05 (0.11) 0.78 (0.20) 0.08 (0.12)

Metastatic extent

Single 0.93 (0.06) 0.03 (0.09) 0.86 (0.07) 0.06 (0.14) 0.85 (0.12) 0.04 (0.08)

Multiple 0.90 (0.09) 0.04 (0.11) 0.82 (0.09) 0.05 (0.10) 0.79 (0.10) 0.09 (0.12)

Extensive 0.94 (0.05) 0.06 (0.05) 0.92 (0.04) 0.04 (0.03) 0.63 (0.37) 0.14 (0.16)

Peritoneal location

Diaphragmatic peritoneum 0.91 (0.08) 0.03 (0.07) 0.84 (0.11) 0.05 (0.11) 0.83 (0.13) 0.09 (0.14)

Lateral peritoneum 0.92 (0.07) 0.04 (0.10) 0.84 (0.07) 0.04 (0.08) 0.76 (0.24) 0.08 (0.11)

Pelvic peritoneum 0.90 (0.09) 0.06 (0.12) 0.86 (0.07) 0.06 (0.14) 0.76 (0.23) 0.06 (0.12)
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PM: peritoneal metastasis. 95% HDnorm: The normalized 95% Hausdorff Distance. Values are reported as mean
(standard deviation).

CONFIDENTIAL CONTENT REDACTED
稿件尚未接收。为保护在审项目，仅对这一处核心内容作集中遮挡，敬请谅解。
Protected scope: Detailed model benchmarking tables (Tables 3-5)
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