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Abstract. Purpose To develop and experimentally evaluate an autonomous computer-aided diagnosis (CADx)
system for colonoscopy that integrates polyp segmentation with binary histological classification (adenoma/non-
adenoma) while maintaining computational efficiency for near real-time clinical deployment. Materials and
Methods We propose a cascaded YOLO11-SAM3-LoRA architecture wherein a YOLO11-medium detector gen-
erates region proposals (bounding boxes), followed by SAM 3 performing box-prompted segmentation with
parameter-efficient domain adaptation via Low-Rank Adaptation (LoRA) and a semantic anchoring mechanism
based on text prompt ensembling. Histological classification is implemented through a dual-stream classifier
that fuses region-of-interest (ROI) features extracted by EfficientNet-B0 with morphological mask descriptors.
Training was conducted on the combined Kvasir-SEG and CVC-ClinicDB datasets (detection/segmentation) and
CVC-HDClassif (classification). Generalization was evaluated on the external ETIS-Larib dataset under an exter-
nal zero-shot protocol. Results On the primary test set, the system achieved a mean Dice coefficient (mDice)
of 0.962 for segmentation, adenoma sensitivity of 92.3%, and area under the receiver operating characteristic
curve (AUROC) of 0.942 for binary classification. Under external zero-shot evaluation on ETIS-Larib, the system
maintained segmentation quality (mDice = 0.884), indicating robustness to domain shift. End-to-end processing
throughput reached 38.2 FPS on an NVIDIA A100 GPU. Conclusions The results demonstrate that the combination
of cascaded localization, foundation model segmentation with LoRA adaptation, and text prompt ensembling
achieves high segmentation quality and competitive CADx accuracy while preserving computational efficiency.
Clinical deployment requires further prospective multicenter validation and error analysis stratified by lesion
subtypes.

Key words and phrases: polyp segmentation, polyp classification, computer-aided diagnosis, CADx, colonoscopy,
YOLO11, SAM 3, LoRA, prompt ensembling, deep learning

For citation: E.Y. Shchetinin, L. A. Sevastianov, A. A. Tiutiunnik “Efficient Polyp Segmentation and Classification with
YOLO11-SAM3 and LoRA,” Discrete and Continuous Models and Applied Computational Science, vol. 34, no. 2, pp. 260-273,
2026. DOI: 10.22363/2658-4670-2026-34-2-260-273. EDN: JMNMUP.

© 2026 E. Y. Shchetinin, L. A. Sevastianov, A. A. Tiutiunnik

This work is licensed under a Creative Commons “Attribution-NonCommercial 4.0 International” license.
BY NC


http://journals.rudn.ru/miph
https://elibrary.ru/jmnmup
https://elibrary.ru/jmnmup
https://creativecommons.org/licenses/by-nc/4.0/deed.en
https://creativecommons.org/licenses/by-nc/4.0/deed.en

E. Y. Shchetinin et al. Efficient Polyp Segmentation 261

1. Introduction

The substantial mortality burden associated with colorectal cancer (CRC) necessitates improvements
in early detection quality. Although colonoscopy remains the primary screening modality, its
effectiveness is constrained by inter-operator variability: systematic reviews indicate that the
adenoma miss rate (AMR) ranges from approximately 14 to 30% [1]. This observation motivates the
development of computer-aided systems capable of enhancing lesion detection reliability (CADe) and
supporting optical stratification (CADx) under real-time constraints. When appropriately validated
according to clinical criteria, CADx approaches may potentially support resect-and-discard strategies,
thereby reducing unnecessary histopathological examinations and associated costs [2].

The evolution of automated endoscopic analysis has progressed from specialized convolutional
architectures to the adaptation of foundation models. Early segmentation solutions based on U-Net [3]
and its variants (UNet++ [4], ResUNet [5]) achieved high accuracy on images with well-defined
boundaries; however, their limited effective receptive field and sensitivity to local textures could lead
to errors on typical endoscopic artifacts (mucosal folds, specular reflections, air bubbles). Subsequent
developments incorporated attention mechanisms and multi-scale contextual aggregation (e.g.,
PraNet [6]) alongside transformer-based architectures (e.g., Polyp-PVT [7]), which better capture
global dependencies but frequently require trade-offs between computational complexity, spatial
resolution, and video-rate inference speed.

At the current stage, two complementary research directions can be identified, each addressing
only part of the clinical requirements. First, object-centric detectors of the YOLO family [8, 9] provide
high throughput suitable for video streams; however, their bounding box outputs are insufficient
for precise boundary delineation and morphological assessment-both critical for measurement
and subsequent texture-based or morphological classification. Second, promptable foundation
segmentation models (SAM/MedSAM/SAM2/SAM3) can produce detailed masks and demonstrate
transferability across diverse visual conditions, yet their application typically requires external
prompts (points, boxes, or text queries) and may exhibit sensitivity to domain shift in the specialized
endoscopic environment [10-13]. This complicates the construction of fully autonomous pipelines
without additional localization mechanisms and domain adaptation, particularly for low-contrast
and morphologically ambiguous lesions including flat and sessile serrated polyps.

Existing attempts to combine detectors with foundation segmentation models (e.g., YOLO-SAM
hybrids) are often limited to naive cascading, which in certain implementations leads to: (i) redundant
computation when multiple localization mechanisms operate simultaneously, and (ii) underutilization
of semantic prompts and textual concepts. Accordingly, the scientific and applied objective of this
study is to develop an autonomous and computationally efficient mechanism for localization and
semantic adaptation that transfers the advantages of foundation segmentation to the specialized
colonoscopy domain while minimizing manual prompting requirements and preserving suitability
for near real-time deployment.

1.1. Scientific Novelty and Contributions

The principal contributions of this work are as follows:

1. Autonomous cascade architecture for colonoscopy detection and foundation-based segmenta-
tion. We propose a computationally efficient YOLO11-SAM3-LoRA architecture that combines
rapid candidate localization with subsequent semantic boundary refinement. This design
jointly satisfies video-stream requirements (throughput) and clinically meaningful segmentation
(precise masks) within a unified automatic pipeline.
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2. Semantic stabilization via text prompt ensembling. We develop a semantic anchoring
mechanism based on an ensemble of clinical terminology and aggregated textual
representations, which enhances prompting robustness to formulation variability and domain
shift. Ablation analysis demonstrates a measurable contribution of this component to mDice
compared with single-prompt baselines.

3. Integration of segmentation with CADx classification and external generalization assessment.
We implement a dual-stream classification scheme that fuses ROI features with morphological
mask descriptors and conduct external zero-shot evaluation on ETIS-Larib. The obtained results
(mDice = 0.884 on ETIS-Larib; AUROC = 0.942 for binary histological classification) indicate
practical transferability of the proposed configuration to conditions differing from the training
distribution.

2. Materials and Methods

2.1. Datasets

The following datasets were employed for training, evaluation, and generalization assessment.

2.1.1. Training and Validation (Detection and Segmentation)

Kvasir-SEG [14] and CVC-ClinicDB [15] were used for training detection and segmentation tasks. The
combined volume comprises 1,612 images with binary polyp masks.

2.1.2. Training (Classification)

CVC-HDClassif [16] was employed for training the binary classifier, as it contains histologically
verified labels (adenoma/non-adenoma). The class ratio (adenomas/non-adenomas) was 1.32:1;
class imbalance was addressed through weighted loss functions.

2.1.3. In-Domain Testing

For in-domain evaluation, a held-out test partition comprising 20% of the training datasets was
utilized, allocated at the image level with a fixed seed (seed = 5) and stratified by dataset to maintain
proportional representation. Images from the external ETIS-Larib dataset were excluded from the
test set.

2.1.4. External Zero-Shot Evaluation

ETIS-Larib Polyp DB [17] contains 196 images and exhibits pronounced domain shift relative to
the training data (lighting conditions, contrast, equipment, and scene characteristics). External
evaluation followed a zero-shot protocol: ETIS data were not used for training or hyperparameter
tuning. All images were resized to an input resolution of 512 X 512 pixels and normalized identically
to the training pipeline. Augmentations were applied exclusively to the training partition and were
not employed during metric computation on ETIS.

2.2. Model Architecture

The system implements a three-stage processing pipeline as illustrated in Figure 1.
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Table 1
Configuration of trainable parameters in the YOLO11-SAM3-LoRA model

Component Status Method

YOLO11 Backbone Frozen COCO pretraining

SAM 3 Image Encoder Frozen SA-Co pretraining
SAM 3 Attention Projections Trainable LoRA (r = 16)

SAM 3 Text Prompt Encoder Frozen Built-in SAM 3 encoder
Classification Module Trainable Full training

(EfficientNet-B0 + MLP)

2.2.1. Coarse Detection (Region Proposal Generation)

YOLO11-medium [18] serves as the region proposal network. It performs initial background filtering
and generates bounding boxes B; = [x, y, w, h] with associated confidence scores C;. Unlike standard
SAM deployment, the built-in DETR detector in SAM 3 is not utilized to avoid computational
redundancy and prediction conflicts.

2.2.2. Semantic Refinement with Prompt Ensembling

For each candidate B;, the SAM 3 model [19] is applied in box-prompted mode. To enhance semantic
selectivity, instead of a single prompt, we employ an ensemble of clinical concepts Tey;:

99 66 3« ”

Tens = {“colorectal polyp”, “sessile lesion”, “adenoma”, “mucosal anomaly”}

For semantic prompting, we utilize the built-in text encoder of SAM 3. We construct an ensemble
of K textual class descriptions (prompt ensemble), obtain corresponding embeddings, normalize
them, and aggregate via averaging (with subsequent normalization), which reduces sensitivity to
single-prompt formulation. Notably, this approach enables confident detection of low-contrast flat
neoplasms that are systematically missed by the model when using a unitary “polyp” prompt.

2.2.3. Low-Rank Adaptation (LoRA)

For domain adaptation to medical imaging, trainable low-rank matrices (r = 16, a = 32) are injected
into the attention layers of the SAM 3 encoder. Weights are updated according to:

W' = Wozen + AW = Wigzen + BA

where A € R™¥, B € R and Wy,q,e, denotes the frozen pretrained weights [20]. Atrankr = 16, only
2.03% of parameters are trainable, providing a balance between plasticity (adaptation to intestinal
textures) and stability (preservation of boundary detection capabilities). The parameter distribution
is summarized in Table 1.

2.2.4. Dual-Path Classifier

Traditional approaches utilize mask features for classification; however, histological type is
determined by surface texture (pit pattern) and vascularization, which may be lost in binary masks.
The YOLO11-SAM3-LoRA classifier integrates two streams:
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Figure 1. Block diagram of the proposed CADx system architecture: candidate generation using YOLO11, semantic refinement
based on SAM 3, and dual-path classification

Visual Path (V;,). Feature extraction within the image ROI is performed using the lightweight
convolutional network EfficientNet-B0, enabling texture and vascular pattern analysis.

Morphological Path (Vy,e.pn)- Geometric mask descriptors are analyzed via a multilayer perceptron
(MLP), including area, perimeter, shape factor, and boundary irregularity.

The final class probability P is computed by applying the softmax function to the output of a fully
connected layer over the concatenated feature vectors Vi, and Viyorpn:

P = Softmax (MLP (Vyis @ Vinorph)) -

3. Results

3.1. Comparative Segmentation Performance Analysis

Table 2 presents comparative analysis results on the primary test set derived from Kvasir-SEG and
CVC-ClinicDB. These datasets are characterized by high image quality and standardized lighting
conditions, enabling assessment of maximal architectural potential. Evaluation on standard datasets
(Kvasir/CVC) was conducted using 5-fold cross-validation.

The proposed YOLO11-SAM3-LoRA architecture demonstrates superior performance across all
metrics on the combined Kvasir-SEG and CVC-ClinicDB test set, achieving mDice of 0.962 and mIoU of
0.927. This confirms the effectiveness of the hierarchical approach integrating YOLO11 for candidate
generation with SAM 3 featuring LoRA adaptation and prompt ensembling, providing a balance
between segmentation precision and recall.
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Table 2
Comparative segmentation performance of the proposed architecture against state-of-the-art methods on the combined
Kvasir-SEG and CVC-ClinicDB test set

Model mDice mloU FPS (A100)
U-Net [3] 0.678 0.530 55.1
PraNet [6] 0.899 0.845 45.0
ColonSegNet [21] 0.820 0.756 140
UNet++ [4] 0.821 0.710 35
ResUNet++ [22] 0.842 0.740 32.0
YOLOv8-SAM2 [23] 0.908 0.830 44.0
Polyp-PVT [7] 0.917 0.846 28
MedSAM [11] 0.951 0.907 31
YOLO11-SAM3 (Ours) 0.962 0.927 38.2

Compared to U-Net (mDice = 0.678, mIoU = 0.530), the improvement in mDice is 28.4 percentage
points (pp) and in mIoU is 39.7 pp. ColonSegNet (mDice = 0.820, mIoU = 0.756) achieves high
throughput (140 FPS), surpassing U-Net by 14.2 pp in mDice, but underperforming the proposed
system by 14.2 pp in mDice and 17.1 pp in mIoU. PraNet (mDice = 0.899, mIoU = 0.845) exceeds U-Net
by 22.1 pp in mDice but falls short of the proposed system by 6.3 pp in mDice and 8.2 pp in mIoU at
45.0 FPS.

UNet++ variants, including the original (mDice = 0.821, mIoU = 0.710) and ResUNet++
(mDice = 0.842, mIoU = 0.740), demonstrate improvements through nested structures and residual
connections, enhancing recall and Fl-score relative to baseline U-Net; however, they still
underperform the proposed system by 12.0-14.1 pp in mDice and 18.7-21.7 pp in mIoU at lower
processing speeds (32-35 FPS versus 38.2 FPS). The hybrid YOLOv8-SAM2 model (mDice = 0.908, mIoU
=0.830) represents a strong competitor, demonstrating good performance on CVC-ClinicDB but with
notable degradation on Kvasir-SEG, indicating reduced robustness to inter-dataset variation; the
proposed model surpasses it by 9.7 pp in mIoU, although YOLOv8-SAM2 achieves higher throughput
(44.0 FPS).

Transformer-based and SAM-derived approaches, including Polyp-PVT (mDice = 0.917, mIoU =
0.846) and MedSAM (mDice = 0.951, mIoU = 0.907), achieve high performance through pyramidal
structures and semantic refinement but underperform the proposed system by 1.1-4.5 pp in mDice
and 2.0-8.1 pp in mIoU at lower throughput (28-31 FPS). The overall improvement underscores the
system’s potential for minimizing polyp miss rates in real-time “optical biopsy” scenarios; however,
validation on prospective clinical data and additional datasets is necessary to confirm generalizability
and reduce false-positive rates.

Note: “pp” (percentage points) denotes the absolute difference between metric values:
App = (Xnew — Xpase) X 100.

3.2. Generalization Capability Assessment

For objective evaluation of the proposed architecture’s effectiveness, comparison was conducted
against a broad spectrum of methods, including classical CNNs (UNet, UNet++, ResUNet++),
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Table 3
Comparative zero-shot generalization performance on the independent ETIS-Larib dataset

Model mDice mloU FPS Notes

U-Net [3] 0.398  0.248 55.1 Severe degradation on small
objects and artifacts

ColonSegNet [21] 0.658 0.583 140 Moderate robustness, but misses
flat lesions

PraNet [6] 0.709  0.628 45.0 Good boundary accuracy, but
degradation under complex
lighting

UNet++ [4] 0.762  0.616 35  Significant drop on small objects

ResUNet++ [22] 0.793  0.666 32.0 Improved boundaries, butlimited
generalization to flat
morphologies

YOLOv8-SAM?2 [23] 0.840  0.724 44.0 Unstable boundaries

Polyp-PVT [7] 0.865  0.762 28  Good generalization, but misses
on artifacts

MedSAM [11] 0.815  0.688 31  Misses flat lesions

YOLO11-SAM3 (Ours) 0.884 0.792 38.2 Robustto artifacts and flat
morphologies

specialized attention-based models (PraNet, Polyp-PVT), and contemporary hybrid approaches
(MedSAM, YOLOv8-SAM2). To assess system robustness to challenging cases (small and flat polyps),
testing was performed on the ETIS-Larib dataset without additional fine-tuning (zero-shot). Neither
the YOLOL11 detector nor the SAM 3 segmentor underwent fine-tuning or hyperparameter optimization
on ETIS images. For each ETIS image, the detector generated bounding boxes; the box with
maximum confidence was passed to SAM 3. If no box exceeded the confidence threshold 7, the
algorithm returned an empty mask, and metrics for that image were recorded as zero (e.g., Dice = 0).
Segmentation metrics were computed at the pixel level per image and subsequently averaged (macro-
average). For robust uncertainty estimation, 95% confidence intervals were additionally calculated
via bootstrap resampling across images.

Table 3 presents generalization capability (zero-shot) evaluation results on the independent ETIS-
Larib dataset. This dataset was selected as a stress test due to its high proportion of small (<6 mm)
and flat (sessile) polyps, as well as challenging lighting conditions, substantially differentiating it
from the training distribution (Kvasir/CVC).

Analysis of generalization metrics on the independent ETIS-Larib dataset (Table 3) yields the
following observations:

Performance under domain shift. Despite the expected decline in absolute metrics compared
to in-domain evaluation, the proposed YOLO11-SAM3-LoRA system demonstrated the highest
segmentation quality on ETIS-Larib: mDice = 0.884. The advantage over MedSAM (mDice = 0.815)
was +6.9 pp, and over the nearest hybrid competitor YOLOv8-SAM2 (mDice = 0.840) was +4.4 pp.
The observed superiority may be attributed to the combination of cascaded detection and domain
adaptation of the segmentor (LoRA), which potentially enhances robustness to low-contrast
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boundaries under varying illumination and endoscopic equipment characteristics. Relative to
classical CNN models U-Net (mDice = 0.398) and UNet++ (mDice = 0.762), the advantage is +48.6 pp
and +12.2 pp respectively, underscoring the limited transferability of certain CNN architectures in
zero-shot scenarios.

Robustness to quality degradation. Classical convolutional networks (e.g., ResUNet++:
mDice = 0.793; PraNet: mDice = 0.709) exhibit notable quality degradation on the external dataset.
In contrast, the proposed system maintains metrics above 0.88, indicating more robust target class
representation under domain shift. For confirmation of statistical significance of these differences,
confidence intervals and/or significance tests across ETIS images should additionally be reported.

Role of prompts and clinical interpretation. Results on ETIS-Larib are consistent with the
hypothesis that text prompt ensembling may reduce sensitivity to formulation variability and help
focus the model on subtle mucosal changes. In particular, inclusion of formulations such as “sessile
lesion” and “mucosal anomaly” in the ensemble may facilitate better localization of flat/low-contrast
lesions; however, claims regarding specific effectiveness on subtypes (e.g., SSL) require separate
quantitative analysis by subgroups with corresponding annotations.

Overall, the mDice = 0.884 result on ETIS-Larib demonstrates the competitiveness of the proposed
system under domain shift conditions. Nevertheless, further validation on additional independent
datasets and, where possible, prospective clinical data is necessary to confirm generalizability and
robustness to false-positive detections.

3.3. Classification Results

Table 4 presents quantitative diagnostic performance metrics for the dual-stream classifier integrating
visual (ROI) and morphological segmentation features. On the test set, the classifier achieved
Accuracy = 0.891 (95% CI: 0.862-0.920). For CADx/optical diagnosis applications, the key safety
metric is sensitivity to adenomatous (neoplastic) lesions, which reached Sensitivity = 0.923 (95% CI:
0.884-0.962), indicating a low false-negative rate within this sample. Specificity was 0.847 (95% CI:
0.812-0.882), reflecting a moderate tendency of the algorithm to classify borderline cases as adenomas.
Such a bias toward enhanced sensitivity is often considered preferable from the perspective of
minimizing clinically significant lesion misses; however, it is accompanied by increased false-positive
decisions and may potentially lead to additional interventions and costs.

The integrated metric AUROC = 0.942 (95% CI: 0.923-0.961) indicates high discriminative ability
across the full range of classification thresholds. The relatively narrow confidence intervals suggest
estimation stability on this test set (under the chosen CI computation method). Confusion matrix
analysis revealed that a substantial proportion of false-positive detections within the binary labeling
scheme corresponded to sessile serrated lesions (SSL), which may morphologically mimic adenomas
and represent a known diagnostic challenge even for expert endoscopists [24]. Integration of the
morphological stream partially reduces the frequency of such errors; further improvement may
be achieved through extension to multiclass classification with SSL as a separate class, potentially
improving specificity without substantial sensitivity loss.

3.4. Ablation Study

The conducted ablation analysis, results of which are presented in Table 5, enabled quantitative
assessment of each architectural component’s contribution to overall system performance.
Comparisons were performed across 5 mDice values (one per fold); paired Wilcoxon tests (a = 0.05)
were employed. Differences between the full model and ablation configurations were evaluated at the
fold level of 5-fold cross-validation. For each configuration, mDice was computed separately per fold,
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Table 4
Performance metrics of the dual-stream classifier for binary histological polyp classification. Nyota1 = 470, Nadenoma = 272,
Nion-adenoma = 198, TP =251, FN = 21, Sens = 251/272 = 0.923, TN = 168, FP = 30, Spec = 168/198 = 0.848. Confidence intervals
were estimated via clustered bootstrap by polyps/patients (2,000 iterations): at each iteration, cluster resampling with
replacement was performed, followed by metric recalculation across all frames of selected clusters; 95% CI defined as 2.5th
and 97.5th percentiles.

Metric Value 95% CI

Accuracy 0.891 [0.862; 0.920]
Sensitivity (Adenoma) 0.923 [0.884; 0.962]
Specificity (Non-adenoma) 0.847 [0.812; 0.882]
AUROC 0.942 [0.923; 0.961]

after which pairwise differences (Full — Ablation) were compared using the Wilcoxon signed-rank
test (two-sided). p-values were corrected via the Holm method for multiple comparisons. Effect
size is reported as rank-biserial correlation (r,,). Additionally, 95% confidence intervals for mean
AmDice were calculated via bootstrap across folds. Sequential component exclusion revealed the
following significance hierarchy:

Role of the specialized detector (YOLO11). The greatest quality reduction was observed when
replacing the external YOLO11 detector with the built-in SAM 3 localization mechanism (DETR):
mDice decreased from 0.962 to 0.933 (AmDice = —0.029). This indicates that under endoscopic
conditions, candidate localization quality is a critical factor for stable segmentation: the specialized
detector better rejects typical artifacts (mucosal folds, specular reflections, air bubbles) and provides
the segmentor with more accurate spatial prompts.

Significance of semantic ensembling. Replacing the prompt ensemble with a single “polyp’
prompt led to mDice reduction of 0.009 (0.962 — 0.953). Despite the small absolute magnitude,
this component enhances robustness to formulation variability and, according to qualitative error
analysis observations, particularly affects “difficult” cases (flat/low-contrast lesions). For quantitative
confirmation of this effect, stratified error analysis by subgroups (flat/SSL, etc.) and/or external
dataset results should additionally be reported.

Comparison of LoRA and full fine-tuning. Replacing LoRA adaptation with full fine-tuning yielded
similar mDice values (0.962 vs. 0.959; AmDice = —0.003; NS), indicating comparable effectiveness
of parameter-efficient adaptation within this protocol. Practically, this means LoRA can achieve
comparable quality at substantially reduced training computational costs. For claims regarding
domain shift robustness, additional comparison of LoRA, full fine-tuning, and no adaptation on an
external dataset (e.g., ETIS-Larib) with confidence intervals is recommended.

Thus, the proposed YOLO11 + SAM 3 (LoRA) + Prompt Ensemble configuration represents an
optimal balance wherein each component addresses a specific challenge: YOLO ensures localization,
LoRA provides domain adaptation, and the prompt ensemble ensures semantic stability.

The ablation analysis (Table 5) demonstrates that the specialized localization stage contributes
most substantially to final segmentation accuracy: replacing the external YOLO11 detector with the
built-in SAM 3 localization mechanism (DETR) leads to mDice reduction of 0.029. Abandoning the
prompt ensemble in favor of a single “polyp” prompt reduces mDice by 0.009, consistent with the role
of semantic stabilization in challenging/low-contrast cases. Finally, replacing LoRA adaptation with
full fine-tuning yields similar mDice values (4 = —0.003), indicating comparable quality with more

]
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Table 5
Ablation study results: quantitative assessment of architectural component contributions and statistical significance of
changes. * indicates values to be computed; NS = not significant

Configuration mDice AmbDice p Dadj 95% CI T'eb

(mean) vsFull (Wilcoxon) (Holm) (AmbDice)

Full Model (YOLO11 + SAM3 + 0.962 — — — — —
LoRA + Prompt Ensemble)

SAM3 native localization (DETR) 0.933 —0.029 * * * *
instead of YOLO11

Single prompt (“polyp”) instead 0.953 —0.009 * * * *
of ensemble

Full fine-tuning instead of LoRA 0.959 —0.003 NS NS * *
No adaptation (SAM3 frozen) 0.951 —0.011 * * * *

parameter-efficient tuning; statistical conclusions are confirmed by fold-level tests with multiple
comparison correction (p,qj, Holm) and effect sizes (ry,).

4, Discussion

In this study, we presented a cascaded YOLO11-SAM3-LoRA system for endoscopic CAD that combines
a rapid candidate localization stage with subsequent boundary refinement using a foundation
approach augmented by parameter-efficient domain adaptation. Experimental evaluation on open
datasets demonstrates high segmentation metrics on in-domain testing and quality preservation
under external assessment on ETIS-Larib, as well as high discriminative ability in binary histological
classification. Collectively, results indicate that the combination of specialized localization, LoRA
adaptation, and semantic prompts can enhance system robustness to endoscopic condition variability
while preserving computational efficiency-critical for near real-time decision support scenarios.
Comparison with baseline architectures (U-Net, U-Net++, ResU-Net++, PraNet) and hybrid
competitors (YOLOv8-SAM2), presented in Tables 2-3, demonstrates the advantage of the proposed
approach. Specifically, the difference relative to YOLOv8-SAM2 was +1.8 pp in mDice on combined
in-domain evaluation (Kvasir-SEG + CVC-ClinicDB) and +4.4 pp in mDice on ETIS-Larib (external
zero-shot). These differences may be attributed to cascaded localization characteristics and
subsequent mask refinement at the individual frame level, as well as parameter-efficient domain
adaptation of the segmentation component (LoRA). For rigorous causal inference, additional
comparison of SAM2 and SAM3 under identical localization and inference protocols is required.
These findings align with recent comprehensive reviews of intelligent colonoscopy systems [25].

4.1. Generalization Capability and Semantic Anchoring

A key indicator of system transferability is external evaluation results on ETIS-Larib (Table 3),
where under domain shift conditions the model maintained high values (mDice = 0.884; mIoU
=0.792). Ablation analysis (Table 5) demonstrates that prompt ensemble usage provides measurable
contribution to the final metric (AmDice relative to single prompt). The observed advantage is
consistent with the hypothesis that prompt ensembling reduces sensitivity to formulation variability
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and may be particularly useful for low-contrast/flat lesions. Compared to baseline models, the
advantage reaches +6.9-48.6 pp in mDice (depending on baseline), underscoring the limited capability
of certain CNN architectures in zero-shot scenarios and the potential role of prompt engineering in
enhancing foundation approach transferability.

4.2. Error Analysis and Clinical Interpretation

Confusion matrix analysis reveals that a substantial proportion of false-positive detections (FP)
in the current binary formulation is associated with sessile serrated lesions (SSL), which may
morphologically mimic adenomas and represent a challenging differential diagnosis even for expert
endoscopists [24]. The proportion of SSL among FP should be specified as X% (Y/Z) to avoid
formulation ambiguity. High adenoma sensitivity (Sensitivity = 92.3%; Table 4) reduces false-negative
risk within this test sample, while specificity of 84.7% reflects bias toward “cautious” classification.
However, compliance with clinical criteria for resect-and-discard strategies (e.g., PIVI-oriented
NPV/high-confidence metrics and surveillance interval agreement) was not evaluated in this work;
therefore, clinical implications should be interpreted as preliminary. For comparisons with “typical
AUROC values,” references to relevant CADx studies should be provided.

4.3. Computational Efficiency and Deployment

Inference throughput of 38.2 FPS on NVIDIA A100 indicates potential for integration into high-
performance endoscopic systems under comparable settings (input resolution, batch = 1, FP16/FP32
mode, and inclusion/exclusion of post-processing). Preliminary acceleration assessment using
TensorRT INT8 for Jetson Orin indicates potential performance of 12-15 FPS under specified
conditions; final throughput depends on specific device variant, input resolution, and whether
timing is end-to-end or neural network forward-pass only.

4.4. Limitations and Regulatory Considerations

This study is retrospective in nature and based on open de-identified data; limitations include absence
of prospective clinical validation in real workflow, potential frame correlation, and binary CADx
formulation without SSL designation as a separate class. Future work involves multicenter validation
and assessment of impact on clinically meaningful endpoints (e.g., ADR), as well as preparation for
SaMD regulatory evaluation (FDA/CE), including reproducibility, calibration, interpretability, and
risk management considerations.

5. Conclusions

In this work, we developed and experimentally evaluated a hybrid CAD architecture for endoscopy
that integrates polyp localization, segmentation, and binary histological stratification. The
proposed approach is based on hierarchical integration of the YOLO11l detector with SAM 3
foundation segmentation, augmented by parameter-efficient LoRA domain adaptation, achieving
high segmentation metrics on in-domain testing and quality preservation under external evaluation
on ETIS-Larib (mDice = 0.884).
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Ablation analysis demonstrates measurable contribution of semantic text prompts: prompt
ensembling reduces model sensitivity to formulation variability and promotes more robust behavior
under domain shift. Collectively, results indicate that the combination of specialized localization,
LoRA adaptation, and semantic prompts can enhance practical applicability of foundation approaches
for endoscopic analysis, including processing of low-contrast and morphologically ambiguous cases.

From an applied perspective, achieved adenoma sensitivity (92.3%) and computational throughput
(38.2 FPS on NVIDIA A100) demonstrate potential for integration into near real-time decision support
workflows. However, clinical conclusions (including resect-and-discard scenarios) require separate
prospective validation on multicenter data with reporting of metrics directly related to clinical
endpoints (e.g., NPV/high-confidence mode and surveillance interval agreement), as well as analysis
of impact on detection rates in real workflow (including ADR) and error profiles stratified by subtypes
(including SSL).
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ddeKkTUBHAA cermeHTaLUA N Knaccudukauma nosMnos
c nomouybio YOLO11-SAM3 n LoRA

E. 0. lerunun!, JI. A. CeBacTbgHOB?, A. A. TIOTIOHHUK?

! Cesacmononvckuil 2ocydapcmeentulil yHugepcumem, ya. Yuusepcumemckas, 0. 33, Cesacmonons, 299053,
Poccuiickan Pedepaus

2 Poccutickuil yHugepcumem dpyxc6oL Hapodos, ya. Mukayxo-Maxaas, 0. 6, Mocksa, 117198, Poccuiickas ®edepayus

AHHoTaums. Ileav PaszpaboTaTh U 3KCIEPUMEHTAIBHO OLIEHUTh aBTOHOMHYIO CHUCTEMY KOMIIbIOTEPHOM
HOAZeP>KKY AJ1s1 KOJIOHOCKOTINY, 00beANHSIONIYIO CETMEHTAIIHIO [TOIHUIIOB ¥ OMHAPHYI0 TUCTOJIOTHMYECKYIO Kiac-
cudukanuio (azeHoma/He-aIeHOMa) C COXpaHEHUEeM BBIYMCINTENbHOHM 3D PeKTUBHOCTHU A near real-time
npuMeHeHus. Mamepuan u memodot IIpesoxkeHna kackasHas apxutrekrypa YOLO11--SAM3--LoRA: geTekTop
YOLO11-medium dopmupyet kanauzaate (bounding boxes), mocie vero SAM3 BrinosHsieT box-prompted
CerMeHTaIHUIo ¢ napamMeTpo-3hbeKTUBHOM JoMeHHOH afanTanueil (LoORA) 1 MexaHU3MOM CEMaHTUYECKO-
r0 AKOPEHUsI Ha OCHOBe aHCaMOJIs TEKCTOBBIX IPOMIITOB. ['McToornyeckas KiaccubuKarysa peajn3oBaHa
JBYXIIOTOYHBIM KiIaccudukaTopoM, oobesunsaomuM npusHaku ROI (EfficientNet-B0) u Mmopdororundeckue
JeCKpUITopsl Macku. OGydeHue IpoBeZieHo Ha 00beaHEHHOM Habope Kvasir-SEG u CVC-ClinicDB (meTek-
nusi/cermenTanysi) 1 CVC-HDClassif (knaccudukanus). [lepeHOCHMOCTb OIleHHBaIaCh Ha BHEITHEM JaTaceTe
ETIS-Larib B pexxumMe external zero-shot. Pe3ysbmamu. Ha OCHOBHOM TeCTOBOH BBIOOPKe ZOCTUTHYTH mDice =
0,962 7151 CErMeHTAaIN Y, 4yBCTBUTEIBHOCTD K afieHoMaM (Sensitivity) = 92,3% u AUROC = 0,942 B 3azade GuHap-
HoOH kiaccudukanuu. Bo BHenrHeM TecTupoBanuu Ha ETIS-Larib (zero-shot) cucrema coxpaHseT KauecTBO
cermeHTanuu (mDice = 0,884), 94T0 yKasbIBaeT Ha yCTOMYMBOCTD K IOMEHHOMY cABuUry. CkopocTs end-to—end
o6paborku cocrassier 38,2 FPS Ha NVIDIA A100. 3akaiouerue Pe3yabTaTel OKa3bIBAIOT, YTO COYETAHNE KAaCKa/-
HoI okanusauuy, foundation-cermenranuu ¢ LoRA-aganTtanueii u aHcaMGINPOBAHYS TEKCTOBBIX IPOMIITOB
obecrieqrBaeT BHICOKOE Ka9eCTBO CETMEHTAIIH 1 KOHKYPEHTOCIIOCOOHYI0 TouHOCTh CADX IIpH coXpaHeHU!
BBIYUCIUTENbHOM 9 deKTUBHOCTH. JI/Is1 KIMHUYECKOTO BHEIPEHISI He06X0[Ma AalbHeAIIast IPOCIEKTHBHAS
MHOTOLIEHTPOBAsI BAIIUJALINS U aHAIU3 OUIMOOK I10 IIOATUIIAM IIOPKEHUH.

KnioueBble cnoBa: CerMeHTALMs ITOJUIOB, Kiraccuduranus moaunos, YOLO11l, SAM 3, LoRA, ancamGib
npomiToB, CAD, CADX, KOJIOHOCKOIIUs, IJIyDOKOoe 0by4deHe
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