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Abstract. Accurate segmentation of endometriosis lesions in laparo-
scopic images remains challenging due to subtle boundaries, heteroge-
neous appearances and locations, and limited annotated data. While
SAM-based foundation models enable flexible promptable segmentation,
their value for fully automatic Al-assisted endometriosis surgery remains
unclear. We present a cross-complementary dataset benchmark of su-
pervised, SAM-based promptable, and hybrid automatic approaches for
laparoscopic endometriosis lesion segmentation. Experiments were con-
ducted on ENID, dominated by implant-like lesions, and GLENDA-
clean, containing more heterogeneous lesion appearances and anatom-
ical locations. We evaluated SAM2, MedSAM, SAM-Med2D, and Sur-
giSAM2 without fine-tuning under four different controlled prompt set-
tings. Box prompts were most reliable, increasing mean Dice over point
prompts by 0.179 on ENID and 0.410 on GLENDA-clean, while addi-
tional positive or negative points did not significantly improve perfor-
mance. SAM2 achieved the highest Dice on ENID, whereas SurgiSAM2
performed best on GLENDA-clean. We then trained DeepLabV3+, Seg-
Former, YOLO11s-seg, U-Net++ and nnU-Net v2, as fully automatic
baselines, with SegFormer showing the strongest overall cross-dataset
performance. Finally, as a hybrid experiment, we evaluated SegFormer-
to-SurgiSAM?2 automatic refinement using predicted lesion candidates as
prompts. Fallback acceptance reduced degradation compared with direct
refinement, but no hybrid variant outperformed SegFormer alone.

Our code and benchmark is available at: https://github. com/JArjomandi/
Auto_Endometriosis_Segmentation
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1 Introduction and Related Works

Endometriosis is a common, painful, and heterogeneous gynecological disease
in women of reproductive age, in which endometrial-like lesions occur outside
the uterus across diverse pelvic and abdominal locations, with laparoscopy re-
maining central to diagnosis and surgical treatment planning [12,13|. Reliable
visual interpretation is challenging, since lesions vary in size, color, morphol-
ogy, location, and contrast against surrounding tissue, and may be obscured by
blood, smoke, specular reflections, deformation, or surgical manipulation [13,1].
Automated lesion segmentation could support Al-assisted laparoscopic guidance
through frame-wise localization, extent estimation, documentation, tracking, and
decision support, but requires dense masks rather than only image-level labels or
bounding boxes [1,19,2]. However, dense endometriosis annotation is clinically
demanding, time-consuming, and expert-dependent, especially for small, sub-
tle, multifocal, or ambiguous lesions, contributing to the scarcity of high-quality
gynecologic laparoscopic datasets [12,18].

Compared with instrument, anatomy, and surgical scene segmentation, gy-
necologic laparoscopic pathology segmentation remains underexplored, and en-
dometriosis -specific segmentation frameworks have rarely been evaluated sys-
tematically across datasets [11,9,13,1]. Existing endometriosis Al studies have
mainly addressed detection, localization, or clinical recognition, using Faster R-
CNN, Mask R-CNN, YOLO-style detectors, or proof-of-concept clinical recog-
nition systems, but do not establish robust pixel-wise segmentation across mod-
ern supervised, promptable, and hybrid paradigms under heterogeneous laparo-
scopic lesion appearance and dataset shift [13,1,19]. Endometriosis segmentation
has also been explored in ultrasound and MRI, but these modalities differ sub-
stantially from 2D laparoscopic surface lesions in appearance, annotation, and
deployment requirements [20,5].

Task-specific models such as DeepLabV 3+, U-Net++, nnU-Net, and SegFormer
provide strong biomedical segmentation baselines, but their performance on
small, irregular, and visually ambiguous laparoscopic endometriosis lesions re-
mains insufficiently characterized [3,26,7,24,11]. SAM-based models offer an al-
ternative promptable paradigm, with SAM/SAM2 providing general segmenta-
tion and MedSAM, SAM-Med2D, and SurgiSAM2 targeting medical or surgical
domains [10,21,16,4,9]. Yet recent evaluations show that SAM performance is
highly prompt-dependent, with box prompts often outperforming point prompts
and imperfect automatic prompts limiting deployment [17,15,25]. Hybrid auto-
matic prompting and SAM refinement have been explored for surgical instru-
ments, ultrasound, skin lesions, and polyps, but their value for subtle laparo-
scopic endometriosis lesions remains unclear [22,15,6,14,25].

In this work, we evaluate the transition from promptable to fully automatic
endometriosis lesion segmentation in laparoscopic images. We benchmark super-
vised, SAM-based promptable, and hybrid automatic approaches across ENID
and GLENDA datasets [12,13], evaluate controlled prompt settings, and as an
ablation experiment, test SegFormer-to-SurgiSAM?2 refinement with fallback ac-
ceptance. To our knowledge, this is the first cross-dataset benchmark jointly
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evaluating supervised, promptable, and hybrid automatic segmentation for la-
paroscopic endometriosis lesions, explicitly quantifying the gap between inter-
active prompt-based masks and deployable automatic segmentation, for future
Al-assisted endometriosis surgery guidance.

2 Methods and Experiments

2.1 Datasets

We evaluated all models on two complementary laparoscopic endometriosis datasets.
ENID contains 160 frames from 108 gynecologic laparoscopy cases with 358
region-based annotations of dark endometrial implants [13], derived from GLENDA,
a broader laparoscopy endometriosis dataset extracted from over 400 surgical
videos, with version 1.5 providing 373 annotated frames, 628 annotations, and
13,438 unannotated non-pathology frames across peritoneal, ovarian, uterine,
deep infiltrating, and no-pathology categories [12]. Since GLENDA includes both
hand-drawn masks and box-like region annotations, we created GLENDA-clean
by excluding bounding-box masks and annotation artifacts (328 frames). Pri-
mary results are reported on GLENDA-clean, with original GLENDA retained
only as an annotation-quality sensitivity analysis.

All data were standardized as images with corresponding converted binary
masks. Case-aware training, validation, and test splits avoided leakage between
patient cases or video-derived image groups. Final split sizes were 96/32/32 for
ENID and 210/52/ 64 for GLENDA-clean. Validation sets were used for model
selection, threshold calibration, and early stopping; held-out test sets were used
for final comparison.

2.2 Models

We evaluated two model groups: SAM-based promptable foundation models,
fully automatic supervised models, as well as a hybrid for automatic refinement.
SAM2 was included as a general promptable image/video segmentation foun-
dation model [21]; MedSAM and SAM-Med2D as medical-domain SAM vari-
ants [16,4]; and SurgiSAM?2 as a surgical-domain SAM2-based model [9]. These
models were evaluated without task-specific fine-tuning to assess out-of-the-box
promptable segmentation performance.

The supervised benchmark included representative task-specific segmenta-
tion families. DeepLabV3+ was used as a CNN encoder—decoder with multi-
scale context aggregation [3]; SegFormer as a lightweight Transformer-based
semantic segmentation model [24]; YOLO11-seg as an efficient YOLO-based
detection/segmentation-style model [23,8]; also U-Net++ as a nested U-Net with
dense skip connections [26]; and nnU-Net v2 as a self-configuring biomedical
segmentation baseline [7]. These models were selected to cover common CNN,
Transformer, self-configuring, and real-time segmentation paradigms while avoid-
ing unnecessarily heavy architectures, relevant for future laparoscopic video anal-
ysis.



4 J. Arjomandi et al.

2.3 Implementation

We designed the study as a three-stage benchmark to evaluate the transition
from promptable to fully automatic endometriosis lesion segmentation in single
laparoscopic frames. For the SAM-based benchmark, prompts were generated
from the original ground-truth masks to ensure controlled comparison and isolate
prompt sensitivity. We tested point, box, box+point, and box+positive/negative
point prompts, where supported (Table 1). Positive points were selected using
a distance transform as the foreground pixel farthest from the background, im-
proving stability for irregular masks. Boxes tightly enclosed the ground-truth
masks. For box+positive/negative point prompting, boxes were expanded by 0.5
relative padding around the ground-truth masks, and four negative points were
sampled from the surrounding top, bottom, left, and right background regions.
This setup quantified prompt sensitivity and identified the most reliable prompt

type.

Table 1. Prompt types supported by the evaluated SAM-based models. Neg.: negative
points. X denotes unsupported or not standard prompt format.

Model Point Box Box+Point Box+Point+4 Neg.
SANM2 VAR v v
MedSAM X v X X
SAM-Med2D  / Vv X X
SurgiSAM2 VA VA V4 VA

Second, we trained the fully automatic supervised models (CNN-based, Transformer-
based, self-configuring biomedical, and YOLO-based) and evaluated them on the
same held-out test sets. All models were trained or evaluated as binary lesion
segmentation models. For supervised models, one model was trained per dataset
split, and the checkpoint with the best validation Dice score was retained for
testing. Early stopping was applied with a patience of 20 epochs where applica-
ble. For nnU-Net v2, the default 2D configuration was trained for a maximum of
100 epochs to maintain a comparable computational budget across supervised
models; the best validation checkpoint was retained for testing. Training and
validation losses were logged for all trained models.

Third, we performed a hybrid automatic-refinement experiment using the
best supervised model to generate lesion candidate masks. Tight boxes around
these candidates were used to prompt the best performing SAM-based model
(AutoBox), and the resulting masks were evaluated as automatic refinements
of the supervised predictions. We also tested fallback acceptance, retaining the
SAM-refined mask only when it agreed with the supervised candidate (Dice >
0.80); otherwise, the original supervised prediction was kept (Fallback). This
tested whether manually prompted SAM performance transfers to fully auto-
matic lesion segmentation and mask refinement. The same was tested by adding
positive/negative points to the derived box prompt from the initial candidate
mask (PosNeg Fallback).
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2.4 System Configuration

All experiments were conducted on a machine equipped with an NVIDIA GeForce
RTX 5090 GPU, 32GB GDDR7 memory, running Python 3.11, PyTorch 2.11.0,
and CUDA 12.8. Experiments were executed in model-specific virtual environ-
ments. All scripts, logs, configurations and model checkpoints are documented
under the project repository to ensure reproducibility (see GitHub).

2.5 Evaluation Metrics and Statistical Testing

Segmentation performance was evaluated at the image level using Dice simi-
larity coefficient, intersection-over-union (IoU), precision, and recall. Dice and
IoU measured spatial overlap, recall quantified lesion sensitivity, and precision
captured false-positive behavior. Metrics were computed separately for each sup-
ported SAM prompt setting and consistently applied to supervised and hybrid
outputs. Results are reported as mean + standard deviation on validation and
held-out test sets, with test results used for final comparison.

We also recorded training/validation losses, completed epochs, early stop-
ping, selected checkpoints, inference times, per-image metrics, predicted masks,
visualizations, and summary spreadsheets. Inference time was measured for end-
to-end mask generation, including candidate prediction and SAM refinement in
the hybrid experiments (see GitHub).

Statistical analyses used paired image-level metrics, since all methods were
evaluated on the same image sets. Prompt comparisons included box versus
point, box+point versus box, and box+positive/negative versus box or box-+point,
for compatible models. Two-method comparisons used two-sided Wilcoxon signed-
rank tests; comparisons across more than two related methods used Friedman
tests followed by post-hoc Wilcoxon tests when significant. Hybrid variants were
compared with each other and against SegFormer on held-out test images. Multi-
ple comparisons were corrected using Benjamini-Hochberg or Holm—Bonferroni
adjustment, with significance defined as p < 0.05.

3 Results

Across compatible SAM-based models, box prompts consistently outperformed
point-only prompts. On the test sets, box prompting increased mean Dice by
0.179 on ENID and 0.410 on GLENDA-clean (paq; = 6.75 x 1073%), with sim-
ilar significant gains in mean IoU and recall. Adding a positive point to the
box produced negligible Dice changes (< 0.005), while box-+positive+negative
prompting significantly reduced Dice on ENID (A = —0.006, p,q; = 0.024)
and GLENDA-clean (A = —0.033, pq; = 3.16 x 10~7), accompanied by recall
reductions. These results indicate that boxes provide the most reliable lesion lo-
calization, whereas negative points can over-constrain masks and increase false
negatives. Box prompting was therefore selected as the main SAM prompt strat-
egy for subsequent comparisons.
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Comparing the SAM-based models using box-prompts, SAM2 and SurgiSAM2
achieved the highest Dice scores, with SAM2 performing best on ENID, achiev-
ing significantly higher Dice and IoU than SurgiSAM2 (paqj = 0.024 and paq; =
0.026, respectively). On the more heterogeneous GLENDA-clean set, SurgiSAM2
performed best, with significantly higher recall than SAM2 (p.q; = 0.001) and
significantly higher Dice, IoU, and recall than the medical SAM variants (paqj; <
2.95 x 107%)(Table 2).

Table 2. Model size and performance on ENID and GLENDA-clean test-sets, reported
as mean Dice, IoU, recall, and inference time (+ standard deviation. Hybrid inference
time includes supervised prediction, automatic prompt generation, and SAM-based
refinement). Best Dice scores per dataset are shown in bold.

Model Params ENID GLENDA-clean

(M) Dice IoU Rec. Time (s) Dice IoU Rec. Time (s)
SAM?2 80.80 0.87 0.77 0.87 0.012+0.007 0.75 0.61 0.70 0.011 £ 0.006
MedSAM 93.70  0.79 0.67 0.69 0.006 +0.002 0.69 0.54 0.59 0.006 =+ 0.002
SAM-Med2D ~94.00 0.78 0.65 0.79 0.003 £0.000 0.69 0.54 0.62 0.003 £ 0.001
SurgiSAM?2 80.80 0.85 0.75 0.85 0.006 +£0.002 0.77 0.64 0.76 0.006 £ 0.002
DeepLabV3+ ~39.60 0.73 0.61 0.76 0.003£0.000 0.40 0.27 0.53 0.002 % 0.000
SegFormer 3.80 0.82 0.71 0.84 0.005+0.000 0.47 0.34 0.54 0.004 £ 0.000
YOLO11s-seg 10.10 0.66 0.55 0.75 0.011+0.001 0.17 0.11 0.17 0.010 =+ 0.001
U-Net++ ~26.10 0.81 0.70 0.83 0.005+0.000 0.39 0.27 0.42 0.005 =+ 0.000
nnU-Net v2 2D =31.00 0.73 0.62 0.73 7.965+0.176 0.27 0.19 0.30 7.974 4+ 0.435
Hybrid ~84.60 0.78 0.66 0.78 0.052+£0.031 0.43 0.30 0.48 0.053+0.017
Hybrid
+ Fallback ~84.60 0.80 0.68 0.79 0.071+£0.042 0.47 0.34 0.53 0.061 +£0.025
Hybrid
+PosNeg.
+Fallback ~84.60 0.79 0.67 0.79 0.063 +0.042 0.47 0.34 0.53 0.062 4 0.022

Among trained models, SegFormer showed the strongest overall performance
across both datasets, with higher Dice, IoU, and recall while maintaining low
inference time, comparable to U-Net++ on ENID; but significantly outperformed
nnU-Net v2 in Dice, IoU, and recall (paq; = 0.026, paqj = 0.023, and pagj; =
0.0145 respectively). On GLENDA-clean, SegFormer achieved the best trained-
model Dice and IoU, significantly exceeding all other trained baselines for both
overlap metrics (paq; < 0.003) (Table 2). Qualitative examples confirmed these
trends, with representative SAM-based and trained-model predictions shown in
Figures 1 and 2.

Hybrid pipelines were evaluated to test whether SurgiSAM?2 refinement could
improve SegFormer predictions and whether fallback acceptance or additional
negative-point prompts provided further benefit. Direct refinement (AutoBox)
degraded performance relative to SegFormer, reducing Dice by 0.034 on ENID
and 0.040 on GLENDA-clean (paq; < 0.005), with similar significant decreases
in IoU and recall.

Fallback acceptance improved the hybrid over direct AutoBox refinement,
increasing Dice by 0.018 on ENID (paq; = 0.004) and 0.034 on GLENDA-clean
(padj = 0.008), with corresponding IoU gains of 0.023 and 0.031. However, com-
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Input Image SAM2 MedSAM

- - b=

Dice: 0.928 Dice: 0.916

SAM-Med2D SurgiSAM2

Dice: 0.801 Dice: 0.692 Dice: 0.559 Dice: 0.749

Dice: 0.824 Dice: 0.800 Dice: 0.711 Dice: 0.748

Fig. 1. Qualitative comparison of selected SAM-based models on challenging unseen
samples from ENID (top two rows) and GLENDA-clean (bottom two rows), represent-
ing single and multifocal lesions, irregular lesions resembling surrounding tissue, and
dark regions outside the annotated ground truth. Overlays show ground truth in green,
predictions in red, and overlap in yellow.

Input Image GT YOLO1ls-seg DeepLabV3+ SegFormer UNet++ nnU-Net v2 2D

B )

Dice: 0.939 Dice: 0.935 Dice: 0.931 ice: 0. Dice: 0.935

Dice: 0.000 Dice: 0.304 Dice: 0.567 Dice: 0.540 Dice: 0.219

Dice: 0.000 Dice: 0.579 Dice: 0.630 Dice: 0.649 Dice: 0.024

Fig. 2. Qualitative comparison of selected trained models on challenging unseen sam-
ples from ENID (top two rows) and GLENDA-clean (bottom two rows). Overlays show
ground truth in green, predictions in red, and overlap in yellow.

pared with SegFormer alone, the fallback hybrid remained worse on ENID, in-
cluding a significant Dice decrease (A = —0.016, pagj = 0.0009), and showed
a small recall decrease on GLENDA-clean (A = —0.012). The PosNeg fallback
variant did not significantly improve over box-only fallback. Overall, fallback re-
duced the degradation from SAM refinement, but no hybrid variant significantly
outperformed SegFormer in Dice or IoU (Table 2 and Figure 3).
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Input Image GT SegFormer Initial Auto Box Prompts SurgiSAM2 Final

Hybrid

Hybrid
+Fallback
+PosNeg.

Dice: 0.608 Boxes: 7 | +:7 | -28  Dice: 0.589, fallback: 3

Fig. 3. Qualitative comparison of hybrid refinement strategies on an ENID test im-
age using SegFormer predictions as automatic prompts for SurgiSAM2. Rows show
direct SegFormer+SurgiSAM?2 refinement, fallback refinement, and fallback with pos-
itive/negative points. Values below each output report Dice before/after refinement,
number of fallbacks to SegFormer, and number of positive (+) and negative (-) points.
Overlays show ground truth in green, predictions in red, and overlap in yellow.

4 Discussion and Conclusion

This study shows that prompt design strongly affects SAM-based laparoscopic
endometriosis segmentation. Box prompts consistently outperformed point, while
adding positive or negative points did not improve performance. Negative back-
ground points reduced Dice and recall, suggesting they over-constrained pre-
dictions and removed true lesion pixels. This is plausible for endometriosis le-
sions, which are often small, irregular, weakly contrasted, and visually ambigu-
ous against surrounding tissue, peritoneum, blood, fibrosis, shadows, or specular
highlights.

Performance was strongly dataset-dependent. SAM2 performed best on ENID,
whereas SurgiSAM2 was more robust on the heterogeneous GLENDA-clean set,
suggesting that surgical-domain adaptation may help under variable laparoscopic
appearance. Among fully automatic models, SegFormer achieved the strongest
overall performance, particularly on GLENDA-clean. Its transformer-based en-
coder may better capture global context and heterogeneous lesion appearance
than purely convolutional baselines, supporting task-specific supervised learn-
ing as the most reliable strategy for deployable automatic segmentation in this
benchmark.

The hybrid experiments showed that SegFormer predictions can automati-
cally prompt SurgiSAM?2, but refinement did not outperform SegFormer alone.
Performance was limited by candidate quality: lesions missed by SegFormer could
not be recovered, while inaccurate or fragmented candidates generated subopti-
mal prompts and propagated errors. SurgiSAM2 also sometimes reduced lesion
coverage by shrinking otherwise adequate masks. Fallback acceptance limited
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this degradation and recovered performance closer to the supervised baseline,
suggesting that hybrid prompting may still be useful in annotation-limited or
semi-automatic workflows, but likely requires selective or uncertainty-aware re-
finement or learned prompt generation, rather than unconditional SAM post-
processing.

This study is limited by small datasets, annotation variability, image-quality
differences, and heterogeneous lesion appearance. SAM-based models were in-
tentionally evaluated without fine-tuning to assess out-of-the-box promptability,
although task-specific adaptation may improve performance. The hybrid pipeline
was further limited by automatic prompt quality, since missed lesions could not
be recovered and inaccurate candidate boxes could propagate errors. Future work
should investigate fine-tuned surgical foundation models, robustness to domain
shift, learned or uncertainty-aware prompting, temporally consistent video seg-
mentation, and validation on larger harmonized laparoscopic datasets.
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