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Abstract
Aim: To evaluate deep learning models for anatomical structure and peritoneal metastasis
(PM)  detection  and  segmentation  during  staging  laparoscopy  (SL)  using  a
phase-independent  dataset,  and  to  quantify  how  annotation  strategy  and  spatial
representation  relate  to  predictive  performance.

Methods: A checklist covering 25 anatomical structures, one surgical instrument, and PM
was  defined.  Detection  models  (YOLOv9,  Co-DETR)  and  segmentation  models
(SegFormer, Mask2Former) were trained under two label configurations. Videos were split
at  the  video  level  (60/20/20).  To  quantify  annotation  distribution  and  spatial
representation, two class-level descriptors were derived from the training set: object count
and  area  fraction  (percentage  of  image  area  occupied  by  each  class).  Class-level
associations between these descriptors and test-set performance [F1-score, Intersection
over Union (IoU)] were evaluated using Spearman correlation.

Results:  Thirty  SL videos yielded 2,309 annotated frames (1,304/433/572 for  training/
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validation/testing). YOLOv9 reached mean mAP@50 of 0.52 and 0.61; Mask2Former achieved mean IoU of 0.51
and 0.61 and F1-scores of 0.65 and 0.73 for Sets A and B, respectively. Despite 4,094 annotations, PM remained
difficult to segment (IoU 0.29-0.30; F1-score 0.45-0.46), due to low area fraction and high heterogeneity. For IoU,
area  fraction  showed  stronger  correlations  with  performance  than  object  count  (ρ  up  to  0.66  vs.  0.48).  Similar
differences were observed for F1-score.

Conclusions:  Anatomical  detection  and  segmentation  during  SL  are  feasible  but  limited  by  small-target
representation and heterogeneous intra-abdominal context. Spatial representation is more closely associated with
segmentation performance than annotation frequency, supporting annotation strategies that address sparse pixel
coverage in phase-independent intra-abdominal models.

INTRODUCTION
Laparoscopic videos contain a considerable amount of visual data. When correctly processed, these data have

the potential to enhance clinical decision-making and surgical performance
[1]

. Machine learning (ML), a

subfield of artificial intelligence (AI), employs algorithms that learn from patterns to support

decision-making
[2]

. Specifically, modern-day computer vision (CV) utilizes ML techniques to locate and

identify objects in digital images and videos
[3]

. CV has found numerous successful applications in medicine,

particularly in oncology
[ 4 ]

. Models for skin lesion recognition and melanoma classification have

demonstrated predictive performance exceeding that of expert dermatologists
[5-7]

. Similarly, CV systems for

endoscopic polyp detection and classification have achieved high sensitivity and competitive specificity
[8]

.

The number of studies applying CV to minimally invasive surgery has grown rapidly in the past decade.

Applications range from surgical phase recognition and workflow automation to intraoperative guidance and

assessment of errors and effectiveness
[9 ,10]

. Additional CV use cases include anatomy detection and

segmentation, instrument tracking, and operative time prediction
[1]

. Despite its potential, the generalization

of intraoperative anatomy detection and segmentation faces methodological challenges, largely driven by

variations in anatomical configurations, patient characteristics, and pathology-related changes
[1]

. Deep

learning (DL) models have been proposed to detect and segment intra-abdominal organs or instruments, but

they are often restricted to specific procedures or steps and rarely attempt to recognize the entire abdominal

cavity via broad intra-abdominal detection and segmentation
[11-15]

. Specifically, most existing models are

trained on procedure-specific datasets with a limited number of labeled structures
[1,12,14,16-18]

. For instance, the

Dresden Surgical Anatomy Dataset, one of the most comprehensive to date, was developed for robotic

anterior rectal resections and includes annotations of 11 abdominal structures
[19]

. While these models for

organ detection and segmentation perform well within their defined scope, a more generalized model

capable of detecting and segmenting a broader range of structures across various abdominal surgeries, or in a

general view of the abdominal cavity, such as during staging laparoscopy (SL), is still lacking
[13,15,20]

. This

highlights the ongoing reliance on a limited set of anatomical structures and procedure-specific datasets,

with most models being trained and validated within narrowly defined surgical contexts. Consequently, their

generalizability to broader intra-abdominal views, such as those encountered during SL, remains limited.

More recent work has also moved toward broader surgical scene understanding, including comprehensive

analyses of laparoscopic anatomical-structure vision, clinically oriented systems for laparoscopic exploration,

and endoscopic frameworks integrating 3D reconstruction, novel view synthesis, and deformable tissue

modeling
[21-25]

. These developments reflect a broader shift from isolated visual subtasks toward richer and
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more clinically relevant representations of the intraoperative scene. However, these approaches remain

challenged by heterogeneous anatomy, non-rigid tissues, illumination changes, occlusions, and limited

ground-truth data.

The Society of American Gastrointestinal and Endoscopic Surgeons (SAGES) AI Taskforce has proposed

standardized guidelines advocating for scalable video annotation frameworks adaptable to general surgery. In

terms of spatial annotations, a hierarchical approach is recommended, starting from broad anatomical

regions and progressing to finer structures, such as liver lobes, abdominal walls, or fascial layers
[26]

. Recently,

a scoping review by Kamtam et al. analyzing 58 studies on surgical video segmentation has highlighted the

ongoing lack of large and diverse datasets, underscoring the need for generalizable and cross-procedure

models capable of consistent anatomical detection and segmentation across variable surgical contexts
[20]

.

In this study, we assess the feasibility of developing CV models using a surgical phase-independent dataset of

SL annotated with an expanded range of anatomical structures, including the peritoneal surfaces of the

abdominal wall. We introduce a standardized annotation checklist and evaluate DL models for the detection

and segmentation of a broad range of intra-abdominal organs and peritoneal metastasis (PM), highlighting

the challenges in identifying small or infrequently labeled structures and anatomically variable regions.

METHODS
Data collection and video characteristics

This study was approved by the Institutional Review Board of Ghent University Hospital, Belgium (approval

reference: BC09947) and in accordance with the Declaration of Helsinki. Written informed consent for data

acquisition, analysis, and publication was obtained from all participants. From June 2020 to March 2023, a

total of 30 videos were selected from the existing video databases of the departments of surgery at Ghent

University Hospital. Eligibility criteria included SL performed for gastrointestinal malignancies with

suspected or confirmed PM. Patients included in this study had pathology-confirmed PM at the patient level.

Operative videos and lesion appearances were reviewed lesion by lesion by two surgeons, in conjunction

with the corresponding clinical and intraoperative findings. Standard laparoscopic exploration was

performed for each abdominal quadrant, including the central abdominal region, the upper and lower

quadrants, the small bowel and the abdominal walls. No fixed imaging standard or lesion-camera distance

was imposed, as the analyzed frames were derived from routine SL videos and reflected the natural

progression of the surgical act, including variable zoom and viewing distance.

Videos were captured using 5- and 10-mm, 30° scopes (Olympus, Hamburg, Germany). Videos were stored

utilizing a digital capture system (Stryker SDC3).

Video processing and data management

Patient data, including any patient information and metadata such as the date of recording and camera type

contained in the videos, were removed. All data were pseudonymized according to the General Data

Protection Regulation (GDPR) of the European Union. The videos were converted into a standardized

MPEG-4 format. No changes were made to image intensity, contrast, resolution, or frame rate. Any surgical

actions not relevant to abdominal exploration or any procedures performed following the exploration, if

present, were edited out of the video. For instance, any surgical resections performed for therapeutic or

diagnostic purposes, recorded after the exploration, were removed. However, manipulation of organs such as

the small bowel to accurately assess the presence of PM was retained. Subsequently, the videos were

uploaded to the web-based CV platform Encord, developed by Cord Technologies Limited in London,

United Kingdom. This platform facilitates direct annotation of still frames, ensuring that the context from

the source video is retained. Although SAM 2-based automated labeling was available within the platform
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Table 1. Annotated classes

Original label set (Set A)

SI Bladder Uterus

Omentum Spleen Ovary

Falciform ligament Small bowel Left paracolic gutter

Left liver lobe Appendix Right paracolic gutter

Right liver lobe Cecum Left pelvic sidewall

Gallbladder Ascending colon Right pelvic sidewall

Left hemidiaphragm Transverse colon Suprapubic region

Right hemidiaphragm Descending colon Anterior abdominal wall

Stomach Sigmoid colon PM

Merged label set (Set B)

SI Small bowel Abdominal walls (merged):

Omentum Appendix Left hemidiaphragm

Falciform ligament Colon (merged): Right hemidiaphragm

Liver (merged): Cecum Left paracolic gutter

Left liver lobe Ascending Right paracolic gutter

Right liver lobe Transverse Left pelvic sidewall

Gallbladder Descending Right pelvic sidewall

Stomach Sigmoid Suprapubic region

Bladder Uterus Anterior abdominal wall

Spleen Ovary PM

SI: Surgical instrument; PM: peritoneal metastasis.

and was explored as an annotation-support option, it was not used to generate the final reference

annotations because it did not provide sufficiently reliable results for dense multi-class labeling of

phase-independent SL scenes, particularly for PM and fine-grained intra-abdominal structures.

Annotation checklist development

A structured checklist was developed by a multidisciplinary team through an iterative process to define a

standardized annotation protocol, including explicit decision rules and quality-control steps to ensure

consistent implementation. The team comprised an anatomist, two surgical oncologists, two CV engineers,

and two surgeons specialized in CV and surgical AI. A review of anatomical guidelines and prior

segmentation literature informed the checklist’s development
[26,27]

. The protocol was pilot tested by two

trained annotators and subsequently revised based on their feedback. The goal was to ensure anatomical

accuracy, reduce inter-annotator variability, and improve consistency in frame labeling. The checklist

included: (1) annotation instructions and frame selection guidelines; (2) anatomical definitions, landmarks,

and labeling criteria; (3) example images; and (4) a comprehensive list of structures to annotate. Pilot testing

on six videos with iterative feedback yielded a finalized checklist of 25 anatomical structures, one surgical

instrument (SI), namely the laparoscopic fenestrated grasper, and one tumor class for PM, for a total of 27

labeled categories. These categories are listed in Table 1. The full checklist with annotation guidelines is

available in Supplementary Data 1.

Annotation methodology

Following the checklist’s instructions, free-hand spatial annotations were performed. Overall, annotations

were generated within a multistep quality-control framework based on the standardized checklist. Each

annotation was conducted by an annotating team consisting of seven trained medical annotators, including
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an abdominal surgeon, surgical residents, medical students, and research fellows. One team leader oversaw

data collection, annotations, team training, guidance, supervision, and coordination with the engineering

team. Once the annotation process was completed, each annotated frame was carefully reviewed by the team

leader and subsequently reassessed by two oncologic surgeons. Any discrepancies were resolved through

group consensus. Finally, quality assessment was jointly performed by the team leader and one engineer. No

automated near-complete reference masks were generated and subsequently corrected manually; Core-Set

active learning was used exclusively for diversity-based frame selection, not for automatic annotation

generation. Frames containing partially covered organs, as well as frames with suboptimal image quality (e.g.

blur or low illumination), were retained to reflect the full spectrum of intraoperative visibility. All structures

were segmented at the pixel level. Frame selection followed a content-aware random sampling strategy across

videos, while ensuring representation of the anatomical structures defined in the annotation checklist,

yielding 1,989 frames. This initial sampling was complemented by a diversity-based selection of 320

additional frames using a Core-Set active learning strategy
[28]

, aimed at maximizing visual and anatomical

diversity in the annotated dataset, for a total of 2,309 annotated frames.

Deep learning model development, metrics and label configurations

YOLOv9
[29]

 and Co-DETR
[30]

 were used for object detection, while SegFormer
[31]

 and Mask2Former
[32]

 were

used for semantic segmentation. Specifically, object detection models (YOLOv9 and Co-DETR) were trained

to localize anatomical structures and PM with bounding boxes, while semantic segmentation models

(SegFormer and Mask2Former) were used to generate pixel-wise delineations of each class. YOLOv9
[29]

 was

chosen for its balance between speed and accuracy, making it suitable for real-time use in variable

laparoscopic environments. Co-DETR
[30]

 improves representation learning in DETR-style end-to-end

detectors by training several parallel auxiliary prediction heads under one-to-many label assignments, which

enriches supervision during training without increasing inference cost. For segmentation, SegFormer
[31]

employed a transformer-based hierarchical encoder to capture multi-scale contextual features, and

Mask2Former
[32]

 extended this approach with attention-based mask queries to better handle small or

overlapping regions. Model selection was predefined to compare strong contemporary architectures from

complementary design families within a coherent experimental framework, rather than to provide an

exhaustive benchmark of all subsequently emerging model variants. For segmentation, SegFormer and

Mask2Former were selected because they converged reliably and achieved competitive validation

performance on our dataset, while offering strong multi-scale feature representations considered relevant for

the variable viewing distances, scale variation, and optical conditions of phase-independent laparoscopic

video, as well as for the segmentation of small PM. SegFormer uses hierarchical Transformer features

without an explicit feature pyramid network, whereas Mask2Former combines deformable multi-scale

attention with a pixel decoder tailored to fine-grained segmentation. These properties made them suitable for

a focused feasibility assessment within a coherent and modern segmentation design space.

The dataset was randomly split at the video level using a 60/20/20 ratio for training, validation, and testing,

respectively. SegFormer used a MiT-B5 backbone pretrained on ImageNet-1k, whereas Mask2Former used a

Swin-Large backbone pretrained on ImageNet-22k. All segmentation models were trained with a fixed

iteration-based schedule of 160,000 iterations, and the best checkpoint was selected as the iteration at which

validation mIoU reached its maximum. SegFormer was optimized with AdamW using linear warmup

followed by PolyLR, whereas Mask2Former was optimized with AdamW using PolyLR without warmup.

Standard augmentation pipelines were used for all segmentation models and included multi-scale resizing,

random cropping, random horizontal flipping (P = 0.5), and photometric distortion. SegFormer used

RandomResize anchored at 896 px with ratio range 0.5-2.0 and 1,024 × 1,024 crops, whereas Mask2Former

used RandomChoiceResize across 16 scales from 320 to 1,280 px with 640 × 640 crops. In addition,

class-weighted loss terms were used in both model families to mitigate class imbalance. No explicit
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small-object-specific methods such as copy-paste augmentation, focal loss, or lesion oversampling were

included in the final training pipelines. The hardware/software environment included NVIDIA RTX 3090

GPUs, CUDA 11.2/11.3, PyTorch 1.12.1, and MMEngine 0.10.x. Full training configurations of the retained

segmentation models are provided in Supplementary Table 1. Detection performance was evaluated using

precision, recall, F1-score, and mean average precision at an Intersection over Union (IoU) threshold of 0.50

(mAP@50). Segmentation performance was evaluated using precision, recall, F1-score, and IoU. Precision

and recall assessed the accuracy and completeness of predictions. F1-score was calculated as the harmonic

mean of precision and recall. IoU measured spatial agreement between predicted and reference masks.

mAP@50 was computed as the average area under the precision-recall curve across all classes at the specified

threshold.

To evaluate the effect of class granularity on model performance, two label configurations were generated

[Table 1]:

• Original Label Set (Set A): Each of the 25 anatomical structures. PM and SI annotated as separate

categories.

• Merged Label Set (Set B): Thirteen functionally and topographically related structures grouped to reduce

annotation sparsity. Right and left liver lobes; all colonic segments (cecum, ascending, transverse,

descending, sigmoid); and abdominal wall regions (hemidiaphragms, paracolic gutters, pelvic sidewalls,

suprapubic region, anterior abdominal wall) were merged. Additionally, PM and SI were evaluated as

separate categories.

Statistical analysis and embedding visualization

Statistical analyses were descriptive and exploratory. Relationships between annotation features and model

performance metrics, including F1-score and IoU, were assessed at the class level. Annotation features

included the number of annotated objects and the area fraction, defined as the percentage of image pixels

occupied by each class in each frame. Annotation features were derived from the training set, reflecting the

data available to the model during learning, whereas performance metrics were computed on the test set to

provide an unbiased estimate of model performance. Because annotation features were non-normally

distributed, and because performance was not expected to scale linearly with increasing annotation count or

annotated area, associations were primarily assessed using Spearman’s rank correlation coefficients to

evaluate monotonic relationships. Each variable was averaged per class, and pairwise univariate correlations

were calculated to explore possible associations between annotation density, object size, and model

performance. Logarithmic transformations (log10) of annotation features were additionally explored to

account for potential plateau behavior. Correlation analyses were performed at the class level, with each

annotated category treated as a single observation. Scatter plots were generated to visualize these

relationships and to qualitatively assess the effect of annotation sparsity and class imbalance. In addition,

complementary ordinary least squares (OLS) regression models using raw and log-transformed annotation

features were fitted to further characterize the relationship between annotation characteristics and class-level

segmentation performance, and residuals were examined to identify classes that overperformed or

underperformed relative to what would be expected based on their spatial representation. A two-sided

P-value <​ 0.05 was considered statistically significant and was interpreted cautiously given the exploratory

nature of the analysis. Formal pairwise statistical comparison between model architectures was not

performed, as the study was designed as an exploratory class-level feasibility analysis rather than a

confirmatory benchmark. To further evaluate the internal feature representations learned by the

segmentation network, dimensionality reduction was performed using t-distributed stochastic neighbor

embedding (t-SNE) on the output of the penultimate layer
[33]

. The resulting two-dimensional representations

                                                                                                

https://file.oaecenter.com/published/pdf/c3232314bf40a71b32436627be4427e6/1780294027/ais50122-SupplementaryMaterials.pdf


Tozzi et al. Art Int Surg. 2026;6:300-19 Page 306

were visualized to assess class clustering and separability, providing insight into the discriminative structure

of the learned embeddings across anatomical categories. Statistical analyses were performed using Python

(version 3.10) with the SciPy and NumPy packages.

RESULTS
The dataset contained a total of 2,309 hand-annotated images from 30 videos of SL (females: n= 13, 43.3%;

males: n= 17, 56.7%). Indications for SL were primarily gastric (n = 13, 43.3%), colorectal (n = 6, 20.0%) and

pancreatic cancers (n = 6, 20.0%). Patients’ demographics are presented in Table 2. The training, validation,

and test sets were split randomly into 18/6/6 videos and 1304/433/572 frames, respectively. This

corresponded to a total of 16,642 annotated objects, divided into 8,853, 3,039 and 4,750 objects in the

training, validation and test sets, respectively. PM accounted for 4,094 annotations in total, comprising 1,861,

638, 1,595 in the training, validation and test sets. Table 3 summarizes the number of annotated objects per

class. Figure 1 illustrates representative examples of the annotation framework and segmentation task,

showing original laparoscopic frames, ground truth annotations, and model predictions. Representative

visual examples of the detection models are provided in Supplementary Figure 1.

Detection models

Overall, mAP@50 for detection was 0.52 and 0.48 in Set A and 0.61 and 0.57 in Set B for YOLOv9 and

Co-DETR, respectively. The best-performing anatomical structures with YOLOv9 were the left liver lobe

(0.84), falciform ligament (0.81), and omentum (0.75) in Set A, and the abdominal wall (0.82), small bowel

(0.77), and omentum (0.76) in Set B. With Co-DETR, the highest scores in Set A were for the omentum

(0.77), left liver lobe (0.79), and falciform ligament (0.72), while in Set B the abdominal wall (0.92), liver

(0.81), and omentum (0.75) performed best. SI were consistently well recognized, with mAP@50 0.95 in Set

A and 0.96 in Set B with YOLOv9, and 0.97 in Set A and 0.89 in Set B with Co-DETR. PM detection achieved

modest performance, with YOLOv9 reaching 0.39 in Set A and 0.25 in Set B, while Co-DETR achieved 0.44

in Set A and 0.40 in Set B. Performance of the detection models for all anatomical structures, SI, and PM is

presented in Table 4.

Segmentation models

For semantic segmentation, Mask2Former outperformed SegFormer at the aggregate level, with overall

F1-score improving from 0.58 to 0.67 and IoU from 0.43 to 0.54 when moving from Set A to the merged Set

B. Classes with distinctive appearance achieved the best results, for example liver in Set B (IoU 0.83, F1-score

0.91 with SegFormer vs. IoU 0.88 and F1-score 0.94 for Mask2Former) and abdominal wall (IoU 0.87-0.88,

F1-score 0.93 across the two models). SI was consistently strong (F1-score 0.92 in both sets with

Mask2Former and 0.89-0.90 with SegFormer). Performance declined for small or visually ambiguous targets,

with PM remaining challenging despite modest gains using SegFormer (IoU 0.14-0.13, F1-score 0.23-0.25),

and Mask2Former (IoU 0.29-0.30, F1-score 0.45-0.46), which was consistent with limited pixel coverage and

heterogeneous tumors’ presentation. Performance of the segmentation models for all anatomical structures,

SI, and PM is presented in Table 5.

Annotation analysis

Annotation analysis demonstrated substantial variation in labeling density and spatial representation across

classes. A total of 4,094 PM instances were annotated, making PM the most frequently labeled class, yet PM

occupied a comparatively small area fraction relative to larger organs such as the liver, omentum, and small

bowel. Figure 2 shows the relationships between object count and area fraction and class-level F1-score

across Sets A and B. Supplementary Figure 2 shows the corresponding relationships for IoU. Across both

label configurations, the plots show that classes with higher annotation counts did not consistently achieve

higher performance. In fact, PM showed the highest annotation counts but comparatively low IoU and
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Figure 1. Semantic segmentation of intraoperative laparoscopic scenes. From left to right, each example shows the input frame,
ground-truth annotation, SegFormer prediction, and Mask2Former prediction. The upper row corresponds to Set A and the lower row to
Set B.

F1-score, whereas several classes with fewer annotations, including the gallbladder, omentum, and falciform

ligament, achieved higher values for both metrics.

For the Mask2Former segmentation model, associations between annotation features (object count and area

fraction) and performance differed between the two predictors. In the unmerged configuration (Set A),

object count showed a statistically significant monotonic association with IoU (Spearman ρ = 0.441, P =
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Table 2. Baseline patient characteristics

Patients’ characteristics N (%), Median (range)

Age 62 (45-78)

Sex (M) 17 (56.7%)

BMI (kg/m2) 24.8 (21.1-35.3)

ASA score

I 4 (13.3%)

II 16 (53.3%)

III 9 (30.0%)

IV 1 (3.3%)

Indication, n (%)

Gastric cancer 13 (43.3%)

Colorectal cancer 6 (20.0%)

Pancreatic cancer 6 (20.0%)

Esophageal cancer 2 (6.7%)

Hepatocellular carcinoma 1 (3.3%)

Cholangiocarcinoma 1 (3.3%)

Appendiceal cancer 1 (3.3%)

BMI: Body mass index; ASA: American Society of Anesthesiologists score.

0.0212), while area fraction showed a stronger association (ρ = 0.482, P = 0.0109). In the merged

configuration (Set B), object count showed a monotonic but non-significant association with IoU (ρ = 0.486,

P = 0.0664), whereas area fraction showed a strong and statistically significant association (ρ = 0.668, P =

0.00651). After logarithmic transformation of object count and area fraction, Spearman coefficients remained

unchanged, reflecting the invariance of rank-based correlation under monotonic transformations.

Comparable results were obtained when performance was assessed using F1-score. In Set A, object count was

significantly associated with F1-score (Spearman ρ = 0.443, P = 0.0208), but less strongly than area fraction

(ρ = 0.484, P = 0.0106). In Set B, object count was not significantly associated with F1-score (ρ = 0.486, P =

0.0664), whereas area fraction again showed a strong and statistically significant association (ρ = 0.668, P =

0.00651).

Complementary regression analyses supported these findings and further indicated that area-based

predictors were more informative than annotation count. In Set A, the best-performing regression model

used raw area fraction as predictor, with adjusted R² values of 0.194 for F1-score and 0.200 for IoU. For Set

A, raw area fraction was positively associated with F1-score (β = 3.517, P = 0.0123) and IoU (β = 3.975, P =

0.0112). In Set B, the best-performing regression model used log-transformed area fraction as predictor, with

adjusted R² values of 0.182 for F1-score and 0.224 for IoU. For F1-score, log-transformed area fraction

showed a positive association that did not reach statistical significance (β = 0.111, P = 0.0635), whereas for

IoU it showed a statistically significant positive association (β = 0.141, P = 0.0428). For Set B F1-score,

regression inference was interpreted cautiously because residual normality was not satisfied, and the model

was therefore used primarily to support residual-gap identification rather than formal hypothesis testing.

Residual analysis further showed class-specific deviations from the regression baseline. In Set A, left pelvic

sidewall, ovary, suprapubic region, and ascending colon showed the largest negative performance gaps,

approximately -0.20 to -0.30, whereas gallbladder, SI, and the liver lobes showed positive gaps of
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Table 3. Distribution of annotated objects per class across the training, validation, and testing sets for sets A and B

Class
Set A Set B

Training Validation Test Training Validation Test

SI 552 (6.2%) 169 (5.6%) 211 (4.4%) 552 (7.7%) 169 (7.0%) 211 (5.4%)

Omentum 633 (7.2%) 227 (7.5%) 267 (5.6%) 633 (8.8%) 227 (9.4%) 267 (6.9%)

Falciform ligament 239 (2.7%) 79 (2.6%) 112 (2.4%) 239 (3.3%) 79 (3.3%) 112 (2.9%)

Liver 451 (6.3%) 140 (5.8%) 167 (4.3%)

Left liver lobe 337 (3.8%) 97 (3.2%) 119 (2.5%)

Right liver lobe 259 (2.9%) 98 (3.2%) 120 (2.5%)

Gallbladder 81 (0.9%) 30 (1.0%) 63 (1.3%) 81 (1.1%) 30 (1.2%) 63 (1.6%)

Stomach 207 (2.3%) 73 (2.4%) 79 (1.7%) 207 (2.9%) 73 (3.0%) 79 (2.0%)

Spleen 19 (0.2%) 1 (0.0%) 24 (0.5%) 19 (0.3%) 1 (0.0%) 24 (0.6%)

Bladder 324 (3.7%) 133 (4.4%) 116 (2.4%) 324 (4.5%) 133 (5.5%) 116 (3.0%)

Uterus 78 (0.9%) 24 (0.8%) 13 (0.3%) 78 (1.1%) 24 (1.0%) 13 (0.3%)

Ovary 45 (0.5%) 18 (0.6%) 14 (0.3%) 45 (0.6%) 18 (0.7%) 14 (0.4%)

Small bowel 734 (8.3%) 248 (3.2%) 293 (6.2%) 734 (10.2%) 248 (10.3%) 293 (7.5%)

Colon 740 (10.3%) 225 (9.3%) 383 (9.8%)

Cecum 113 (1.3%) 8 (0.3%) 98 (2.1%)

Ascending 107 (1.2%) 21 (0.7%) 74 (1.6%)

Transverse 235 (2.7%) 104 (3.4%) 103 (2.2%)

Descending 211 (2.4%) 79 (2.6%) 139 (2.9%)

Sigmoid 360 (4.1%) 120 (3.9%) 159 (3.3%)

Appendix 18 (0.2%) 7 (0.2%) 11 (0.2%) 18 (0.3%) 7 (0.3%) 11 (0.3%)

Abdominal wall 1,198 (16.7%) 402 (16.7%) 547 (14.0%)

Left hemidiaphragm 447 (5.0%) 127 (4.2%) 194 (4.1%)

Right hemidiaphragm 247 (2.8%) 94 (3.1%) 123 (2.6%)

Left paracolic gutter 372 (4.2%) 144 (4.7%) 139 (2.9%)

Right paracolic gutter 190 (2.1%) 51 (1.7%) 122 (2.6%)

Left pelvic sidewall 291 (3.3%) 124 (4.1%) 135 (2.8%)

Right pelvic sidewall 301 (3.4%) 108 (3.6%) 190 (4.0%)

Suprapubic region 224 (2.5%) 74 (2.4%) 104 (2.2%)

Anterior abdominal wall 368 (4.2%) 143 (4.7%) 133 (2.8%)

PM 1,861 (21.0%) 638 (21.0%) 1,595 (33.6%) 1,861 (25.9%) 638 (26.4%) 1,595 (40.9%)

Overall (anatomical structures
only)

6,440 2,232 2,944 4,767 1,607 2,089

Total 8,853 3,039 4,750 7,180 2,414 3,895

SI: Surgical instrument; PM: peritoneal metastasis. Overall (anatomical structures only) excludes PM and SI; Overall (all classes) includes all
categories.

approximately +0.31 for F1-score and +0.37 for IoU. In Set B, bladder, uterus, PM, and ovary showed the

largest negative performance gaps, ranging approximately from -0.25 to -0.32, whereas gallbladder, SI, liver,

spleen, and small bowel showed positive gaps of approximately +0.23 for F1-score and +0.27 for IoU.

Embedding visualization

t-SNE plots for Mask2Former for Set A and Set B are shown in Figure 3. In the unmerged configuration (Set

A), class embeddings appeared more dispersed with partial overlap between categories. In contrast, the

merged configuration (Set B) showed more compact and visually distinct clusters, particularly for larger
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Table 4. Performance (mAP@50) of DL detection models in Set A and Set B

Class
YOLOv9 Co-DETR

Set A Set B Set A Set B

SI 0.95 0.96 0.97 0.89

Omentum 0.75 0.76 0.77 0.75

Falciform ligament 0.81 0.77 0.72 0.59

Liver 0.88 0.81

Left liver lobe 0.84 0.79

Right liver lobe 0.71 0.71

Gallbladder 0.68 0.66 0.59 0.64

Stomach 0.71 0.63 0.47 0.45

Spleen 0.56 0.52 0.59 0.74

Bladder 0.39 0.40 0.38 0.24

Uterus 0.42 0.56 0.54 0.63

Ovary 0.25 0.20 0.32 0.15

Small bowel 0.68 0.77 0.62 0.65

Colon 0.57 0.49

Cecum 0.33 0.32

Ascending 0.24 0.15

Transverse 0.20 0.26

Descending 0.36 0.26

Sigmoid 0.65 0.54

Appendix 0.55 0.33 0.22 0.21

Abdominal wall 0.82 0.92

Left hemidiaphragm 0.79 0.64

Right hemidiaphragm 0.70 0.65

Left paracolic gutter 0.66 0.52

Right paracolic gutter 0.34 0.41

Left pelvic sidewall 0.19 0.23

Right pelvic sidewall 0.30 0.30

Suprapubic region 0.23 0.18

Anterior abdominal wall 0.34 0.32

PM 0.39 0.25 0.44 0.40

Overall (anatomical structures only) 0.52 0.63 0.48 0.58

Overall (all classes) 0.52 0.61 0.48 0.57

SI: Surgical instrument; PM: peritoneal metastasis. Overall (anatomical structures only) excludes PM and SI; Overall (all classes) includes all
categories.

organs and grouped regions, suggesting increased separation of the learned feature representations. t-SNE

plots for SegFormer are provided in the Supplementary Figure 3.

DISCUSSION
This exploratory study investigated the feasibility of developing CV models for organs and PM detection and

segmentation during SL using a phase-independent and anatomically comprehensive annotation framework.

Four DL architectures were evaluated, two for detection and two for segmentation across two label-set
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Table 5. Performance of DL segmentation models in Set A and Set B

Class

SegFormer Mask2Former

P R IoU F1-score P R IoU F1-score

Set A Set B Set A Set B Set A Set B Set A Set B Set A Set B Set A Set B Set A Set B Set A Set B

SI 0.87 0.89 0.90 0.91 0.79 0.81 0.89 0.90 0.92 0.91 0.92 0.93 0.85 0.85 0.92 0.92

Omentum 0.70 0.74 0.95 0.94 0.67 0.70 0.80 0.83 0.87 0.85 0.91 0.94 0.80 0.80 0.89 0.89

Falciform ligament 0.77 0.92 0.68 0.65 0.56 0.61 0.72 0.76 0.92 0.91 0.67 0.73 0.63 0.68 0.77 0.81

Liver 0.91 0.96 0.83 0.91 0.92 0.96 0.88 0.94

Left liver lobe 0.72 0.81 0.61 0.76 0.81 0.89 0.73 0.85

Right liver lobe 0.73 0.83 0.64 0.78 0.88 0.82 0.74 0.85

Gallbladder 0.84 0.88 0.74 0.75 0.65 0.68 0.78 0.81 0.90 0.91 0.85 0.84 0.78 0.78 0.88 0.88

Stomach 0.84 0.81 0.68 0.61 0.60 0.53 0.75 0.70 0.94 0.93 0.64 0.66 0.61 0.63 0.76 0.77

Spleen 0.93 0.84 0.40 0.43 0.39 0.39 0.56 0.57 0.85 0.88 0.58 0.59 0.53 0.55 0.69 0.71

Bladder 0.47 0.70 0.48 0.41 0.31 0.35 0.48 0.52 0.58 0.63 0.54 0.44 0.39 0.35 0.56 0.52

Uterus 0.55 0.73 0.71 0.59 0.45 0.48 0.62 0.65 0.61 0.61 0.57 0.57 0.42 0.28 0.59 0.44

Ovary 0.73 0.76 0.59 0.43 0.48 0.38 0.65 0.55 0.43 0.65 0.29 0.27 0.20 0.23 0.34 0.38

Small bowel 0.78 0.83 0.94 0.92 0.74 0.77 0.85 0.87 0.86 0.86 0.94 0.93 0.82 0.81 0.90 0.90

Colon 0.83 0.65 0.58 0.73 0.87 0.78 0.70 0.82

Cecum 0.50 0.43 0.30 0.46 0.47 0.57 0.35 0.51

Ascending 0.50 0.21 0.18 0.30 0.35 0.44 0.24 0.39

Transverse 0.34 0.17 0.13 0.23 0.60 0.51 0.38 0.55

Descending 0.76 0.33 0.30 0.46 0.66 0.58 0.45 0.62

Sigmoid 0.76 0.49 0.42 0.59 0.85 0.81 0.70 0.83

Appendix 0.42 0.43 0.08 0.03 0.07 0.03 0.13 0.05 0.57 0.65 0.37 0.64 0.29 0.48 0.45 0.65

Abdominal wall 0.91 0.96 0.88 0.93 0.92 0.95 0.87 0.93

Left hemidiaphragm 0.76 0.68 0.56 0.71 0.80 0.87 0.72 0.84

Right hemidiaphragm 0.62 0.76 0.52 0.69 0.78 0.68 0.57 0.73

Left paracolic gutter 0.81 0.63 0.54 0.71 0.78 0.77 0.63 0.77

Right paracolic gutter 0.60 0.35 0.29 0.45 0.75 0.48 0.41 0.58

Left pelvic sidewall 0.40 0.45 0.27 0.42 0.41 0.32 0.22 0.36

Right pelvic sidewall 0.53 0.61 0.39 0.57 0.45 0.76 0.40 0.57
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Suprapubic region 0.36 0.36 0.22 0.36 0.50 0.33 0.25 0.40

Anterior abdominal wall 0.50 0.67 0.40 0.57 0.56 0.57 0.40 0.57

PM 0.28 0.35 0.22 0.18 0.14 0.13 0.25 0.23 0.68 0.71 0.34 0.38 0.29 0.30 0.45 0.46

Overall (anatomical structures only) 0.65 0.80 0.57 0.66 0.44 0.57 0.59 0.70 0.69 0.81 0.63 0.71 0.51 0.62 0.65 0.74

Overall (all classes) 0.63 0.77 0.56 0.63 0.43 0.54 0.58 0.67 0.70 0.81 0.63 0.71 0.51 0.61 0.65 0.73

P: Precision; R: recall, IoU: Intersection over Union; F1-score: harmonic mean of precision and recall; PM: peritoneal metastasis; SI: surgical instrument. Overall (anatomical structures only) excludes PM and SI; Overall (all
classes) includes all categories.

configurations. The effect of class granularity on predictive performance was examined through correlation analyses. The best-performing detection model (YOLOv9)

reached a mAP@50 of 0.52 and 0.61 in Set A and Set B, respectively, while the best-performing segmentation model (Mask2Former) achieved an overall IoU of 0.51 and

0.61 and an F1-score of 0.65 and 0.73 in Set A and Set B, respectively. Although PM segmentation yielded modest results, this study demonstrates both the feasibility

and the challenges of incorporating a broad range of intra-abdominal structures (25 anatomical structures/regions), including peritoneal surfaces spanning different

regions of the abdominal cavity. The complementary analysis of annotation features further identified limited area fraction (percentage of image pixels occupied by

each class in each frame) as a critical determinant of PM segmentation performance, confirming that sparse spatial representation rather than annotation frequency

alone was the primary constraint. Increasing annotation granularity by introducing detailed anatomical regions, even when defined according to a standardized

checklist and annotated based on visible anatomical landmarks, introduced additional challenges for model discrimination. When structures were highly subdivided,

feature similarity and contextual overlap reduced separability and degraded predictive performance. Conversely, regrouping related regions into broader topographic

classes improved segmentation consistency and annotation efficiency, indicating that balanced label design is essential to achieve robust and interpretable models.

Developing a broadly generalizable anatomy detection and segmentation model remains challenging due to the considerable variability of anatomy and intraoperative

conditions
[15]

. Previous datasets, such as the Dresden Surgical Anatomy Dataset, provided valuable annotations of eleven major abdominal structures (eight abdominal

organs, abdominal wall, and two vascular structures) extracted from 32 robot-assisted procedures, yet were limited to rectal resections
[19]

. In contrast, the present dataset

extends the anatomical spectrum to encompass the entire abdominal cavity, including regionally defined abdominal walls and peritoneal surfaces.

Unlike most existing CV models, which are trained on procedure-specific datasets where camera position, organ exposure, appearance and instrument presence follow

predictable patterns, this work relies exclusively on SL recordings. In this context, the camera moves continuously without a defined operative phase or consistent field

of view, producing substantial variability in illumination, depth, and visibility. This configuration represents a unique and underexplored scenario in the literature,

which poses additional challenges for generalization but reflects more closely real intraoperative exploration. The present framework was intentionally designed to be

phase-independent and not conditioned on camera direction or predefined anatomic priors. Although context-aware models incorporating spatial or procedural

information may improve performance, the aim of this study was to evaluate feasibility under real-life conditions encountered during routine SL. Beyond detection and
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Figure 2. Class-level F1-score in relation to annotation count and annotated area fraction. (A) Set A: F1-score versus number of labeled
objects; (B) Set A: F1-score versus fraction of image area labeled; (C) Set B: F1-score versus number of labeled objects; (D) Set B: F1-score
versus fraction of image area labeled. The x-axis for object count is displayed on a logarithmic scale. Each point represents one annotated
class.

segmentation, related areas of surgical CV such as feature matching, depth estimation, and endoscopic

reconstruction also continue to face major challenges in minimally invasive surgery, particularly due to

homogeneous tissue texture, variable illumination, frequent occlusions, soft-tissue deformability, and the

limited availability of reliable ground-truth data. These broader methodological constraints further support

the need for structured and generalizable annotation frameworks when developing phase-independent

intra-abdominal CV models
[34,35]

.

Across both label sets, over 4,000 PM annotations were performed, making them the most frequently labeled

objects. However, when comparing the area fraction, PM occupied a markedly smaller area than larger

organs such as the liver, omentum, and small bowel. The limited pixel coverage of PM likely contributed to

lower detection and segmentation performance
[36]

. Annotation feature analyses supported this finding,

showing that class-level segmentation performance had stronger monotonic associations with area fraction

than with object count, and that logarithmic transformation of annotation features did not alter Spearman

rank coefficients. Of note, despite being among the least frequently annotated organs and occupying a small

area fraction, the gallbladder achieved some of the highest IoU and F1-scores, illustrating that distinctive,

high-contrast structures can perform well even with limited annotation count and spatial coverage. This

observation demonstrates that annotation frequency alone does not necessarily enhance model performance

when the annotated surface area is minimal. Importantly, increasing the number of annotations alone does

not necessarily improve model quality or generalization. Prior work has shown that annotation quality,

labeling protocol, and the representativeness of selected samples can be as important as annotation volume,

particularly in biomedical image analysis and annotation-efficient learning settings. Our sampling strategy
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Figure 3. t-SNE visualization of feature embeddings for Mask2Former: (A) Set A, (B) Set B. t-SNE: t-distributed stochastic neighbor
embedding.

therefore prioritized informative and diverse frames rather than raw frame count alone, and this was

complemented by Core-Set active learning to improve coverage of visual and anatomical variability
[23,27]

.

Earlier work by Yengera et al. showed that increasing the number of annotations does not necessarily

improve model performance in surgical scene understanding, as excessive labeling may introduce

redundancy and label noise, particularly when small or visually ambiguous regions occupy limited pixel

areas
[37]

. This pattern mirrors what was observed in the present dataset, emphasizing that annotation quality
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and spatial relevance are more critical than annotation quantity for effective intra-abdominal model

development.

In the case of PM, this limitation is further compounded by intrinsic heterogeneity and by the fact that

lesions arise on highly variable backgrounds across different organs and peritoneal regions. Unlike

homogeneous organs, PM often appear as irregular deposits of varying size, color, and texture overlying a

wide range of surrounding structures and peritoneal surfaces which alter local contrast and complicate

discrimination from the background tissue. This visual overlap can confound pixel-based segmentation and

reduce feature separability. In the t-SNE analysis [Figure 3], PM clusters show substantial overlap with

adjacent anatomical structures, particularly in Set A within the abdominal wall region where PM are most

commonly present. These observations indicate that small-object segmentation in intra-abdominal scenes is

influenced not only by object size but also by contextual ambiguity and the inherent heterogeneity of

oncologic disease.

Recent developments in small-target segmentation, such as the STS-Net framework proposed by Zhao et al.,

highlight the potential of targeted data-augmentation and attention-based mechanisms to improve detection

of small lesions by enhancing feature representation and balancing sample sizes. However, these methods

remain computationally demanding and may underperform when applied to heterogeneous or large-area

lesions, where amplification blocks and small-target-specific attention lose efficiency
[36]

. Adapting such

techniques to intra-abdominal surgical scenes could therefore offer localized benefits for PM detection but

would still require optimization for complex and variable visual contexts. The final training pipelines already

incorporated multi-scale augmentation, cropping, photometric distortion, and class-weighted losses, but no

explicit small-object-specific techniques such as copy-paste augmentation, focal loss, or lesion oversampling

were used, and these remain relevant avenues for improving PM segmentation in future work.

Anatomical structures with well-defined contours and consistent visual appearance, such as the liver, spleen,

gallbladder, and stomach, achieved higher accuracy across models
[15]

. SI were also reliably detected and

segmented, reflecting their distinctive geometry and high contrast against soft tissue. Nevertheless, SI was

among the most frequently annotated structures while occupying a relatively small area fraction. Comparable

trends have been reported in prior surgical video datasets, where easily distinguishable organs with stable

morphology and consistent exposure, such as the liver, consistently reached the highest detection and

segmentation scores
[1,15]

. This supports the internal consistency of the current dataset and confirms its ability

to reproduce established performance hierarchies. In contrast, when the annotated class set expands to

include structures with less defined boundaries, variable texture, or partial exposure, such as peritoneal

gutters or pelvic sidewalls, detection and segmentation performance declines, reflecting the visual

heterogeneity and anatomical variability encountered in SL scenes.

These findings align with recent scoping evidence from Kamtam et al. who highlighted persistent limitations

in dataset diversity and generalizability across 58 studies on surgical video segmentation. Despite major

advances in DL-based scene understanding, most available datasets remain small, procedure-specific, and

non-public, limiting reproducibility and cross-institutional development. Consistent with the present

observations, segmentation performance depends strongly on the visual prominence and pixel coverage of

each structure, with smaller or thin targets such as vessels, nerves, or peritoneal lesions showing lower

predictive performances regardless of the amount of annotation
[20]

.

Variability in surgical views, illumination, and annotation consistency continues to challenge model

robustness, emphasizing the importance of standardized annotation protocols. The standardized checklist

developed in this study addresses this limitation by providing a replicable framework suitable for multicenter
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use and, to our knowledge, represents the first comprehensive annotation checklist specifically designed for

SL. As suggested by Kamtam et al., the creation of large open datasets, the implementation of generalized

foundational models such as SAM, and the exploration of unsupervised training strategies are directly

applicable to intra-abdominal scene understanding. Incorporating such approaches could enhance the

generalizability and clinical maturity of SL-based CV models, ultimately supporting real-time intraoperative

decision assistance
[20]

. Automated labeling tools such as SAM 2 may help reduce manual annotation burden

for selected high-contrast structures, but in the present setting SAM 2 was not sufficiently reliable for dense

annotation of PM and complex abdominal topography, underscoring the need for domain-adapted

approaches in phase-independent SL.

While recent work has explored increasingly sophisticated architectures for organ detection and

segmentation and intra-abdominal landmark detection in laparoscopic surgery, architectural advances alone

have not resolved key limitations related to dataset scarcity, procedural specificity, and inconsistent

annotation methodologies
[15,38,39]

. As highlighted by Zhou et al., the lack of standardized taxonomies and

evaluation protocols continues to hinder reproducibility and cross-dataset comparison in surgical CV
[15]

.

These challenges are directly reflected in the present study, where predictive performance remained

constrained by class imbalance and variability in visual representation despite extended anatomical coverage.

In this context, the use of a standardized annotation checklist and a multi-expert review process represents a

practical strategy to improve consistency, reproducibility, and generalizability in intra-abdominal CV

research. Given the rapid evolution of the field, newer architectures continue to emerge. However, the aim of

the present study was to evaluate the feasibility of a standardized methodological and annotation framework

under a consistent experimental design, rather than to continuously rebuild the benchmark in response to

newly released models. Although the present segmentation experiments focused on Transformer-based

architectures, CNN-based approaches such as U-Net or DeepLabV3+ remain valid alternatives, may perform

competitively in smaller datasets, and should be considered in future comparative studies to better define

architecture-specific strengths in data-limited settings.

Of note, Peng et al. demonstrated an AI system for real-time quality control in laparoscopic liver surgery,

underscoring clinical applicability when models are integrated into workflow-aware systems
[40]

. Although

developed for a procedure-specific context, this illustrates how robust anatomical recognition frameworks

can be translated into intraoperative feedback mechanisms once performance and interpretability are

validated. Extending similar principles to phase-independent SL could enable real-time mapping of

peritoneal disease, bridging algorithmic feasibility with intraoperative clinical utility. Together, these studies

reinforce that the development of clinically applicable intra-abdominal CV systems will depend on larger,

publicly accessible datasets and improved standardization of annotation strategies.

Among the limitations of this study, it should be noted that it was conducted retrospectively and within a

single center. Certain anatomical structures were underrepresented, and not all types of intra-abdominal

malignancies were included, which influence the generalizability of model performance. Notably, the present

dataset was not designed as a balanced benign-versus-malignant lesion classification cohort. Rather, the

primary aim was to evaluate the feasibility of PM detection and segmentation in real-life settings. The related

question of discriminating malignant from benign peritoneal lesions was addressed separately in a previous

pathology-grounded study
[41]

. In addition, the relatively limited sample size and absence of external

validation restrict the extrapolation of these findings to other institutions and surgical settings.

Despite these limitations, a CV model capable of detecting and segmenting PM and anatomical regions

during SL could serve as an objective tool to estimate tumor burden and lesion distribution in a manner

analogous to the Peritoneal Cancer Index (PCI), while reducing dependence on operator experience and
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subjective assessment. Future research should aim to overcome the current limitations of PM segmentation

by developing robust, generalizable models capable of accurately identifying and quantifying tumor presence

and location across diverse intra-abdominal contexts.

In conclusion, this study evaluated the feasibility of CV-based detection and segmentation of

intra-abdominal anatomical structures and PM during SL performed in a phase-independent context. While

detection and segmentation of major anatomical structures were achievable, PM and topography-based

structure segmentation remained limited by visual heterogeneity, lack of clear landmarks or organ-specific

features, and reduced pixel representation. Topographically informed label grouping improved segmentation

consistency and annotation efficiency, underscoring that balanced annotation design is essential to improve

robustness under sparse and heterogeneous labeling conditions. These findings provide a methodological

foundation for future efforts to develop robust DL models for phase-independent intraoperative assessment

in oncologic laparoscopy.
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