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PrysmNet a polyp refining system using
salience and multimodal guidance for
reproducible cross domain segmentation

Check for updates

Junbo Xiao1,2, Yi Han1,2, Lei Wang3, Ying Li4, Xiaotong Wang1,2, Shizhe Li1,2, Jun Yi1,2, Yu Wu5 &
Xiaowei Liu1,2,6,7

Colorectal cancer prevention benefits from accurate and reproducible polyp segmentation, yet cross-
domain generalization and boundary precision remain challenging in real-world deployments. We
propose Prysm-Net, a ViT-based framework designed to address these issues through architectural
innovation and advanced training guidance. Our model is augmented with a biologically inspired
salience module (BSM) that dynamically sharpens boundary-relevant features. To further enhance
robustness without increasing inference costs, we introduce two training-only strategies: (i)
foundation-model distillation from SAM, which transfers knowledge at the output, boundary, and
feature levels, and (ii) multi-modal guidance that injects auxiliary structural and textural cues via gated
cross-attention. Extensive experiments on standard in-domain benchmarks and challenging cross-
domain datasets demonstrate that Prysm-Net achieves superior segmentation accuracy and robust
generalization compared to state-of-the-art methods, all while maintaining a lightweight inference
process by disabling auxiliary guidance at test time.

Colorectal cancer (CRC) is a leading cause of cancer mortality
worldwide, andmost CRC cases develop from benign colorectal polyps
over time1. Early detection and removal of polyps during colonoscopy
can drastically reduce CRC incidence and mortality2,3. Colonoscopy is
the gold standard for polyp screening and intervention, but it remains a
highly operator-dependent procedure. In practice, the diversity of
polyp shapes, sizes, and appearances makes some lesions (especially
diminutive or flat polyps < 10 mm) easy to miss or difficult to delineate
accurately4,5. Studies report that roughly 17–28% of polyps may be
missed even by experts during colonoscopy exams2,5. Precise seg-
mentation of polyps can assist endoscopists by highlighting lesion
boundaries for complete resection and by reducing inter-observer
variability. However, producing pixel-accurate polyp masks is labor-
intensive and costly, as it requires expert manual annotation3,5. This
creates a strong motivation for automated, high-accuracy polyp seg-
mentation methods to improve early CRC prevention and alleviate
clinical workload6.

Over the past few years, deep-learning-based polyp segmentation
methods have achieved remarkable in-domain performance on standard
datasets. In controlled evaluations, many models report high mean Dice
scores (often 0.85–0.95) on popular benchmarks7,8. Nevertheless, a critical
gap remains between such in-domain success and real-world generalization.
Most existing approaches are trained and tested on data from the same
domain and implicitly assume similar distributions, an assumption that
breaks down in clinical deployment. In practice, factors like different
endoscopy centers, imaging devices, patient populations, and bowel pre-
paration protocols lead to distribution shifts that can significantly degrade
model performance9,10. For example, models that approach near human
accuracy on seen datasets often plummet to Dice scores around 0.6–0.7 on
unseen datasets such as the recent multi-center PolypGen collection2,4.
Moreover, certain challenging polyp cases remain problematic: small polyps
occupying only a tiny fraction of the frame and polyps with faint or blurred
boundaries are frequently segmented poorly by current models8,11. These
observations underscore the need for new research focusing not only on

1Department of Gastroenterology, XiangyaHospital, Central SouthUniversity, Changsha, Hunan, China. 2National Clinical ResearchCenter for Geriatric Disorders,
XiangyaHospital, Central South University, Changsha, Hunan, China. 3School of Computer Science and Engineering, Central South University, Changsha, Hunan,
China. 4Department of Infectious Diseases, Xiangya Hospital, Central South University, Hunan Key Laboratory of Viral Hepatitis, Changsha, Hunan, China.
5Teaching and Research Section of Clinical Nursing, Xiangya Hospital, Central South University, Changsha, Hunan, China. 6Hunan International Scientific and
Technological Cooperation Base of Artificial Intelligence Computer-Aided Diagnosis and Treatment for Digestive Disease, Changsha, Hunan, China. 7Gut-Liver
Axis and Intestinal Barrier Research Center, Xiangya Hospital, Central South University, Changsha, Hunan, China. e-mail: wuyu527@csu.edu.cn;
liuxw@csu.edu.cn

npj Digital Medicine |           (2026) 9:158 1

12
34

56
78

90
():
,;

12
34

56
78

90
():
,;

http://crossmark.crossref.org/dialog/?doi=10.1038/s41746-026-02345-7&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41746-026-02345-7&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41746-026-02345-7&domain=pdf
mailto:wuyu527@csu.edu.cn
mailto:liuxw@csu.edu.cn
www.nature.com/npjdigitalmed


maximizing in-domainmetrics, but also on ensuring robust out-of-domain
performance and explicit handling of hard cases (e.g., diminutive or weak
boundary lesions)12.

In this paper, we address these gaps by proposing PrysmNet (a Polyp
Refining sYstem with Salience and Multi-modal guidance), a comprehen-
sive solution for reproducible cross-domain polyp segmentation. Our
approach combines architectural innovation with advanced training stra-
tegies to improve generalization, especially for small and boundary-
challenged polyps. Our contributions are presented along two main axes:

1. An architectural innovation: A biologically inspired salience module
(BSM) that mimics the feature amplification mechanisms of the
human visual cortex to dynamically enhance features along lesion
boundaries. TheBSMemploys a learnablemulti-scale edge and texture
filter bank to compute saliency maps that gate and amplify features,
forcing the network to allocate more computational resources to
critical boundaries and resulting in significantly
sharper segmentation masks.

2. An advanced training guidance strategy: This strategy combines two
synergisticmechanisms: (a) amulti-level foundationmodel distillation
module (FMDM) that transfers both output-level and feature-level
knowledge from SAM using temperature-scaled KL divergence and
representational similarity, and (b) a multi-modal guidance module
(MGM) that uses self-generated auxiliary structural and textural
information to create a more invariant feature representation through
cross-attention mechanisms.

Early research on automatic polyp segmentation was constrained by
limiteddata,with algorithmsoften evaluatedon small single-center datasets.
Notable early benchmarks includeCVC-ClinicDB (612colonoscopy images
with polyp masks)13 and Kvasir-SEG (1000 images)14, which provided a
valuable testbed but cover a narrow distribution of imaging conditions.
Models trained and tuned on one benchmark sometimes showed decreased
performance when tested on another, hinting at dataset bias. To improve
comparability, some studies adopted combined training sets or reported
cross-dataset results (e.g., testing a model trained on Kvasir-SEG/CVC on
the ETIS-LaribPolypDB dataset)8. However, until recently, there was no
standardized protocol for cross-domain evaluation, making it difficult to
assess true generalizability. As a result, many publications have reported
only in-domain metrics, which do not guarantee real-world clinical
reliability.

Recognizing these issues, the community has moved toward more
comprehensive evaluation frameworks. Bernal et al.15 emphasized the lack
of a common validation standard and released a complete benchmark
covering detection, segmentation, and classification tasks, including con-
siderations of execution speed and robustness. Meanwhile, multiple chal-
lenge competitions (MICCAI EndoScene, GIANA, etc.) and the EndoCV
series have encouraged participants to test algorithms on hidden multi-
center test sets. Ali et al.4 recently organized a polyp detection and seg-
mentation challenge using a large multi-center dataset, demonstrating that
methods with top in-lab accuracy often struggled on diverse “unseen”
colonoscopy data. In parallel, new datasets have emerged aimed at assessing
generalization. PolypGen, introduced by Ali et al.2, is a prime example: it
consists of 3762 images from six different centers with expert annotations,
expressly designed to evaluate algorithmperformance across varyingpatient
populations and imagingdevices.The introductionofPolypGenand similar
multi-center datasets is a significant step toward benchmarking real-world
performance. In this work, we build on these efforts by proposing a cross-
domain evaluation protocol that uses combined source training and held-
out diverse test sets, enabling a reproducible assessment of how segmen-
tation models generalize beyond their training distribution.

Convolutional neural networks (CNNs) have formed the backbone
of most polyp segmentation methods to date. The seminal U-Net
architecture16 and its extensions (such as U-Net++17 and ResUNet++18)
were early choices, owing to their ability to capture multi-scale context

through encoder-decoder designs. Numerous specialized CNN variants
have been proposed to boost segmentation accuracy. For instance, Fan
et al.’s PraNet7 introduced a parallel reverse attention mechanism to pro-
gressively refine predictions and achieved state-of-the-art results on Kvasir-
SEG and CVC-ClinicDB. Similarly, DoubleU-Net and other cascaded
architectures stackmultiple decoder stages to improve segmentation quality
on difficult regions19. These CNN-based approaches effectively leverage
local spatial features and have demonstrated high precision under favorable
conditions.

A key consideration for practical deployment, however, is model effi-
ciency. Colonoscopy is a real-time procedure, so inference speed andmodel
size are critical. Many high-performing CNNmodels use complex decoder
paths or heavy backbones (e.g., ResNet-101), which can hinder real-time
performance. Recent research has thus explored lightweight networks that
sacrificeminimal accuracy while greatly improving efficiency. For example,
Yu et al.8 proposed HarDNet-CPS, which uses a Harmonic Densely Con-
nected backbone known for its low computational cost, combined with
multi-scale feature fusion. Their model surpassed 0.90mean Dice on CVC-
ClinicDB and Kvasir-SEGwhile being faster andmore compact thanmany
predecessors.Dumitru et al.3 presentedDUCK-Net, an efficientCNNwith a
custom convolutional kernel and residual downsampling; notably, it
achieved competitive accuracy even when trained on relatively small data-
sets. In general, there is a trend toward lighter architectures that maintain
strong segmentation performance. Suchmodels, often integrating attention
or efficient blocks, are better suited for clinical integration where memory
and processing time are limited20. Our work follows this trend by proposing
a new model enhanced for generalization, ensuring that improved robust-
ness does not come at the cost of impractical model complexity.

Vision transformers have recently gained popularity in medical image
segmentation, including for colonoscopic polyps, due to their strength in
modeling long-range dependencies. Several transformer-based polyp seg-
mentation models have been introduced, often demonstrating top-tier
accuracy. For example, researchers have applied the Pyramid Vision
Transformer (PVT) as an encoder in a cascade architecture21, and others
developed specialized transformer networks like CTNet22 and Polyp-
Transformer23 to capture global context. These transformer-driven
approaches have achieved new state-of-the-art results on standard polyp
datasets, frequently outperforming pure CNNmodels in terms of Dice and
IoU metrics. The ability of transformers to attend globally is particularly
useful for colonoscopy images, which may contain complex backgrounds
and widely separated object regions.

However, transformers also introduce challenges. By design, self-
attention layers are computationally intensive, and dense global attention
can miss subtle local details (e.g., fine texture or edges) that CNN kernels
capture well. Polyp segmentation methods purely based on transformers
sometimes produce overly smooth masks, lacking the precision on
boundaries that CNN-based methods can provide. To address this, a
number of hybrid architectures have beenproposed that combineCNNand
transformer components. These aim to harness the strengths of each: CNNs
excel at high-frequency local feature extraction, while transformers con-
tribute global awareness. He et al.5 designed CTHP, a CNN-Transformer
Hybrid Polyp segmentationmodel, which processes featuremapswith both
convolution and self-attention in parallel. By introducing a more efficient
attention mechanism and a new information propagation module, their
hybrid model achieved competitive accuracy with significantly reduced
computation. Similarly, another work proposed TransFuse, fusing a
transformer branch and a CNN branch in the decoder to improve both
global coherence and boundary clarity24. The success of such hybrids sug-
gests that local and global feature representations are complementary for
polyp segmentation. Recent transformer-based polyp segmentation meth-
ods, such as Polyper25 and Polyp-PVT21 focus primarily on global context
modeling and multi-scale feature fusion, but do not explicitly enforce
boundary supervision or leverage training time foundation model distilla-
tion. In contrast, our PrysmNet distinguishes itself by: (i) incorporating a
dedicated Biologically Inspired Salience Module (BSM) that explicitly
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supervises boundary detection and refines features at critical boundary
regions, and (ii) employing training-only guidance strategies (SAM dis-
tillation and multi-modal fusion) that improve generalization without
increasing inference cost. This boundary-focused approach, combined with
foundation model knowledge transfer, addresses the specific challenges of
cross-domain generalization and small/weak boundary polyp segmentation
that remain problematic in pure transformer architectures. Our work
leverages a Vision Transformer backbone for its powerful global context
modeling, augmentedwith specializedmodules to enhance local details and
boundary precision, thereby combining the strengths of both paradigms.

Given that the most clinically significant failures are missing a small
polyp or inaccurately segmenting a lesion’s boundary (which can lead to
incomplete resection), researchers have devoted effort tomethods targeting
these specific challenges. Boundary-aware segmentation is a recurring
theme. Many models have been augmented with explicit edge detection or
boundary refinement modules. For instance, PraNet’s reverse attention
mechanism effectively acts as a boundary refiner by learning from predic-
tion errors at the object edges7. Other approaches add a dedicated branch to
predict polyp contours or boundary pixels alongside the primary segmen-
tation mask26, enforcing the network to learn sharp transitions between
polyp andbackground.Techniques like contour loss or boundary-enhanced
loss functions have also been shown to improve the delineation of polyps
with indistinct borders.

Small polyp segmentation is equally challenging, as tiny polyps often
occupy only a few hundred pixels in an image and can be easily overlooked.
Data imbalance exacerbates this: large polyps dominate the training signal,
potentially biasingmodels. To combat this, priorworks have employedhard
negative mining and data augmentation, focusing on small polyps. For
example, some studies synthetically enlarge small polyp regions or over-
sample images containing small polyps during training27. Ali et al.4 note that
models in their generalization challenge struggled especially with diminu-
tive polyps, suggesting that specialized handling is needed. A few methods
introduce multi-scale feature pyramids or super-resolution modules to
ensure even tiny polyps can be recognized in high-resolution featuremaps28.
Yu et al.8 emphasized edge information to avoid merging nearby small
polyps. Despite these advances, small and low-contrast polyps remain a
difficult corner case formost algorithms. Our proposed approach addresses
this by including small polyp-aware training (through oversampling and
hard example emphasis) and by embedding boundary priors directly into
the model’s design.

The advent of powerful foundation models for segmentation has
opened new avenues for medical image analysis. In particular, Meta AI’s
segment anything model (SAM)29 demonstrated a prompt-driven seg-
mentation capability on a broad range of natural images. SAM is trained on
over a billion masks and is designed to generalize to virtually any image
distribution. Early investigations show that SAM’s zero-shot outputs on
endoscopic images are reasonable for prominent polypsbut oftenmiss small
or flat lesions, likely due to the domain gap30. Simply applying SAMoff-the-
shelf in colonoscopy can yield under-segmentation or over-segmentation,
especially when multiple irregular blobs confuse its prompt mechanism.

Researchers have approached this challenge by adapting or incorpor-
ating SAM for polyp tasks. One direction is fine-tuning SAM on medical
data. For example, a “MedSAM”model tunedondiversemedical imageshas
been reported to improve segmentation performance on colonoscopy
frames30. Wang et al. proposed PSF-SAM, an efficient fine-tuning strategy
that mitigates catastrophic forgetting while boosting SAM’s performance in
few-shot polyp segmentation scenarios31. Another direction keeps SAM
frozen but uses it to assist a smaller polyp-specific model. Dutta et al.11

introduced SAM-MaGuP, which integrates SAM’s image encoder with a
lightweight adapter and a boundary-distillation module. Similarly, Zhang
et al. proposed SAM-EG, where SAM provides initial masks that are then
refined by an edge-guided network tailored for polyps. Inweakly supervised
settings, Zhao et al. introduced a collaborative learning schemewhere SAM-
generated masks from scribble inputs guide a student polyp segmentation
network32. Overall, the integration of foundation models like SAM is a

promising trend. Our work aligns with this trend by using SAM in the
training loop to provide multi-level guidance, resulting in a more robust
segmenter without requiring SAM at inference time.

Robust cross-domain polyp segmentation has been pursued via both
data-level andmodel-level strategies.Data-level approaches aim to augment
or modify the training data such that the model learns domain-invariant
features. A common technique is style augmentation: randomizing image
appearance (colors, contrasts, noise) to mimic the variability between dif-
ferent clinics’ data. Poudel and Lee introduced a feature space style con-
version module that transfers diverse textures and illuminations into
training images10.

On the model-level side, one line of work is unsupervised domain
adaptation (UDA), where a model adapts to an unlabeled target domain.
Yang et al.9 proposed a mutual prototype adaptation framework using self-
training with pseudo-labels on target images and introduced a contrastive
adaptation approach that pulls the source and target feature distributions
together. BeyondUDA, domain generalization (DG) algorithms attempt to
train a model that generalizes to any unseen domain. Approaches in DG
include usingmultiple source domainswith techniques like domain-specific
batch normalization or adversarially learned domain invariant features33.
Federated learning frameworks have also been explored, where a model is
trained collaboratively on data frommultiple hospitals without centralizing
the data34.

Finally, hard example mining and curriculum learning have proven
useful in the context of generalization. By identifying and up-weighting
difficult training examples, the model can progressively become immune to
failures on those types of inputs35. In polyp segmentation, thismight involve
mining frames where the model missed a small polyp or had a large false
positive. Our proposed training paradigm leverages insights from these
works (e.g., style randomness, balanced sampling, and hard example
emphasis) to construct a training process that yields robust models.

Results
This section presents quantitative comparisons across a comprehensive
benchmark suite. To ensure a fair evaluation, we adopt rigorous protocols
tailored to each experimental setting. For in-domain benchmarks (Kvasir-
SEG, CVC-ClinicDB, ColonDB, EndoScene, and ETIS), models were
trained and evaluated on their respective datasets. In contrast, to rigorously
test cross-domain generalization, evaluation on the challenging ETIS-
LaribPolypDB dataset was performed using models trained exclusively on
the combined Kvasir-SEG andCVC-ClinicDB datasets, without any target-
domain tuning.

Reporting protocol and metric choices
Recent polyp segmentation papers consistently report mean Dice (mDice)
and mean Intersection-over-Union (mIoU) as the primary metrics on
Kvasir-SEG, CVC-ClinicDB, and ETIS. In this work, we report mDice,
mIoU, and Boundary F-measure (BF) to provide a comprehensive evalua-
tion of segmentation quality. All metrics are computed with a unified eva-
luation script (single-scale, no TTA, threshold 0.5). We report 95%
bootstrap confidence intervals to ensure statistical reliability.

In-domain performance comparison
We compare PrysmNet against state-of-the-art methods on standard in-
domain benchmarks, as summarized in Table 1. Regarding overall seg-
mentation quality, indicated by mDice and mIoU metrics, the proposed
framework exhibits strong capability in accurately localizing and seg-
menting polyp regions. This trend is observed not only on standard datasets
like Kvasir-SEG and CVC-ClinicDB but also extends to more challenging
scenarios, such as ColonDB and ETIS, which feature complex mucous
backgrounds and variable lesion contrasts. In addition to regional overlap,
the model shows notable strengths in boundary delineation, as reflected by
the Boundary F-measure (BF). The favorable results in this metric suggest
that the integration of the biologically inspired salience module (BSM)
effectively refines the structural details of the segmentation masks.
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Collectively, these results highlight the model’s robustness and its ability to
generate precise segmentation maps across diverse imaging conditions
compared to existing techniques.

Cross-domain generalization on ETIS-LaribPolypDB
Werigorously test the cross-domaingeneralization capabilities of ourmodel
on the challenging ETIS-LaribPolypDB dataset. Following a strict protocol,
all models are trained on the combined Kvasir-SEG ∪ CVC-ClinicDB
dataset and evaluated on ETIS.

The results are summarized in Table 2. Our proposed method,
PrysmNet (listed as “Ours"), achieves SOTAperformancewith ameanDice
(mDice) of 88.12%, a mean IoU (mIoU) of 79.93%, and a Boundary
F-measure (BF) of 79.77%. This surpasses the previous best published
method,Polyper,whichobtained86.55%mDice, 78.26%mIoU, and77.47%
BF under the same conditions. This represents improvements of +1.57
mDice, +1.67 mIoU, and +2.30 BF over the next-best method, validating
our model’s ability to generalize to unseen data distributions and delineate
sharp boundaries more effectively than existing approaches.

Qualitative analysis
Figure 1 provides a visual comparison of PrysmNet against several state-of-
the-art methods on representative samples from both in-domain (Kvasir,
CVC-ClinicDB) and cross-domain (ETIS) datasets. We specifically select
challenging cases, including (i) diminutive polyps that are easily missed, (ii)
lesions with weak or blurry boundaries that blend with the surrounding
mucosa, and (iii) images containing specular highlights or other visual
artifacts. As shown, earlier methods like PraNet may struggle with precise
boundary delineation. While recent Transformer-based models like
Polyper show improved structural consistency, our PrysmNet, empowered
by the BSM and advanced training guidance, often produces sharper and
more complete masks, particularly for the challenging cases of small and
faint polyps.

To better understand how different components of PrysmNet con-
tribute to its performance, we visualize the featuremaps fromvariousmodel
configurations in Fig. 2. We use Grad-CAM to highlight the regions the
network focuses on. As seen in Fig. 2a, the baseline model without BSM or
guidance produces diffuse attention maps. Adding the BSM (Fig. 2b)
sharpens the focus around the polyp boundary. The inclusion of FMDM
and MGM guidance further refines this attention, leading to a more con-
centrated and accurate localization in the full PrysmNet model (Fig. 2c),
which corresponds to more precise segmentation results (Fig. 2d–f).

Despite its strong performance, PrysmNet has limitations, as shown in
Fig. 3. Quantitative analysis of failure modes on the test sets reveals that: (i)
over-segmentation due to specular highlights occurs in ~2.3% of Kvasir-
SEG and 1.8% of CVC-ClinicDB test samples, typically when highlightsT
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Table 2 | Cross-domain generalization on ETIS-LaribPolypDB

Method Dice ↑ IoU ↑ BF ↑

U-Net 39.83 ± 0.92 33.59 ± 0.95 31.57 ± 1.10

U-Net++ 40.12 ± 0.88 34.46 ± 0.90 32.84 ± 1.05

PraNet 62.83 ± 0.65 56.78 ± 0.68 55.12 ± 0.75

PVT 78.76 ± 0.42 70.69 ± 0.45 72.36 ± 0.55

HSNet 80.82 ± 0.38 73.44 ± 0.41 74.21 ± 0.50

ISCNet 80.42 ± 0.40 71.67 ± 0.43 73.59 ± 0.52

Polyper 86.55 ± 0.25 78.26 ± 0.28 77.47 ± 0.35

Mamba 82.52 ± 0.32 74.77 ± 0.35 75.47 ± 0.40

DDPM 78.32 ± 0.45 73.49 ± 0.48 71.18 ± 0.58

Ours 88.12 ± 0.19 79.93 ± 0.21 79.77 ± 0.26

All models are trained onKvasir-SEG∪CVC-ClinicDBand evaluated on ETISwith no target-domain
tuning.We report per-imagemean Dice (mDice), mean IoU (mIoU), and Boundary F-measure (BF) in
% (higher is better). Bold indicates the best overall. Our metrics are computed with a unified script
(per-image Dice/IoU at 0.5 threshold, single-scale inference).
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covermore than 15% of the frame area; (ii) false negatives for extremely flat
or isointense lesions affect ~1.5%of cases across all datasets, primarily when
polyp to background contrast is below 0.05 (normalized intensity differ-
ence); (iii) boundary errors (under-segmentation or over-segmentation)
occur in ~3.2% of cases, mostly for polyps smaller than 0.5% of image area.
The model can sometimes fail in extreme cases. For instance, it may over-
segment when encountering extensive specular highlights thatmimic polyp
texture. Conversely, it canmiss extremely flat or isointense lesions that have
virtually no contrast with the backgroundmucosa. These failure cases, while
relatively rare, highlight the remaining challenges in automated polyp seg-
mentation and suggest avenues for future work, such as improved handling
of visual artifacts and temporal information from video colonoscopies.

Ablation study
To validate the effectiveness of the proposed components in
PrysmNet, we conduct a series of ablation studies. We start with a

baseline model and incrementally add our proposed modules. All
ablation experiments follow the same training protocol and are
evaluated on Kvasir-SEG, CVC-ClinicDB (in-domain), and ETIS
(cross-domain).

We first investigate the contribution of our main architectural and
guidance modules: the biologically inspired salience module (BSM), the
foundation-model distillation module (FMDM), and the multi-modal
guidance module (MGM). The baseline model consists of the ViT
backbone and a standard U-shaped decoder. As shown in Table 3, each
component brings a noticeable improvement. The BSM significantly
enhances performance, especially on the cross-domain ETIS dataset,
underscoring its role in improving boundary detection and general-
ization. The FMDM and MGM modules further boost the scores by
transferring valuable prior knowledge and enforcing feature invariance.
The full PrysmNet model, combining all components, achieves the best
performance across all datasets.

Fig. 1 | Qualitative comparisons on challenging cases from Kvasir-SEG (top row), CVC-ClinicDB (middle row), and the cross-domain ETIS dataset (bottom row).
PrysmNet demonstrates superior performance in delineating fine boundaries and capturing diminutive lesions compared to other methods.

Fig. 2 | Visual ablation analysis with Grad-CAM. a–c show Grad-CAM attention
heatmaps for three configurations: a baseline (ViT backbone+U-shaped decoder;
without BSM/FMDM/MGM), b baseline+ biologically-inspired salience module
(BSM), and c the full PrysmNet with BSM plus foundation-model distillation
(FMDM) and multi-modal guidance (MGM). d–f show the corresponding

segmentation masks. Adding BSM sharpens boundary focus; adding FMDM and
MGM—used only during training—further consolidates localization, yielding
cleaner contours and more accurate masks, especially for diminutive or weak-
boundary polyps; the full model (c, f) performs best.
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We also analyze the effect of the auxiliary loss functions used for
training: the boundary supervision loss (Lbnd) for the BSMmodule and the
structural similarity loss (Lssim). The base loss consists only of the seg-
mentation loss (Lseg). Table 4 shows the results. Adding the explicit
boundary supervision (Lbnd) provides the most significant gain, forcing the
BSM to learn semantically meaningful edge features and leading to sharper
predictions. The Lssim loss offers a further marginal improvement by
encouraging perceptually coherent segmentation masks. The combination
of all losses yields the optimal result.

Summary
On in-domain data, recent hybrids (e.g., Polyper) reach ~94–96% Dice on
both Kvasir-SEG andCVC-ClinicDB, far above early CNNs (U-Net ~ 82%,
PraNet ~ 90%). On ETIS cross-domain tests, classic methods drop sharply
(PraNet Dice 62.8%), while modern transformer/SSM/diffusion models
achieve 78–87% Dice. Our approach targets this persistent generalization
gap with boundary-aware decoding and training-time guidance, and our
comprehensive ablations validate the effectiveness of each proposed com-
ponent in achieving state-of-the-art performance.

Conclusion
We tackled the persistent challenges of cross-domain generalization, small
lesion recall, and boundary precision in polyp segmentation by proposing

Fig. 3 | Failuremodes on challenging colonoscopy frames.Columns (left to right):
false negative, false positive, under-segmentation, over-segmentation, and boundary
error. Rows: input image, model prediction, and ground truth mask. Over-

segmentation is typically triggered by strong specular highlights, whereas the false-
negative case corresponds to an extremely flat, low-contrast lesion that blends with
the surrounding mucosa.

Table 3 | Ablation study: contributions of Prysm-Net’s key components

Configuration Modules Kvasir-SEG CVC-ClinicDB ETIS

BSM FMDM MGM mDice mIoU mDice mIoU mDice mIoU

ViT Baseline 88.55 87.81 92.10 86.95 81.33 73.15

Baseline+BSM ✓ 92.89 89.42 93.65 88.78 84.51 76.52

Baseline+BSM + FMDM ✓ ✓ 94.52 90.15 94.21 89.60 86.10 78.11

PrysmNet (Full) ✓ ✓ ✓ 95.14 90.93 94.98 90.31 88.12 79.93

All variants are trained under a unified protocol onKvasir-SEG∪CVC-ClinicDB; evaluation is conducted on Kvasir-SEG andCVC-ClinicDB (in-domain) and ETIS-LaribPolypDB (cross-domain). Metrics are
mDice/mIoU (%; higher is better). “BSM” denotes the biologically inspired salience module; “FMDM” denotes multi-level foundation-model distillation; Prysm-Net (Full) additionally uses a training-only
multi-modal guidance module (MGM), which is disabled at inference.

Table 4 | Ablation study on loss components

Loss
configuration

Kvasir-SEG CVC-ClinicDB ETIS

mDice mIoU mDice mIoU mDice mIoU

Lseg only 91.13 84.65 91.88 86.01 81.34 71.20

Lseg+ Lbnd 93.95 88.66 93.70 89.03 84.95 77.25

Full loss 95.14 90.93 94.98 90.31 88.12 79.93

All models use the full Prysm–Net architecture, with identical training protocol and data sampling;
we report mDice (%)/mIoU (%) on Kvasir-SEG and CVC-ClinicDB (in-domain) and ETIS (cross-
domain). Here, Lseg denotes the segmentation term (Soft Dice+ two-class cross-entropy), Lbnd is
the Dice-based boundary supervision computed on a one-pixel-wide ground-truth contour (for
BSM), and Lssim is a structural-similarity regularizer; Full Loss corresponds to Lseg + Lbnd + Lssim
(other hyperparameters at defaults). Results indicate that explicit boundary supervision delivers the
main gain, while adding Lssim yields a further marginal improvement.
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PrysmNet.Ourmodel utilizes aViT backbone to capture global context and
augments the decoder with a biologically inspired salience module to
dynamically emphasize boundary-relevant features. To enhance robustness
without increasing inference costs, we leveraged multi-level foundation
model distillation and multi-modal guidance during training. These stra-
tegies effectively transfer structure, texture priors, and foundation-model
knowledge, while all guidance branches are removed at inference to
maintain a lightweight deployment path. Our comprehensive evaluation
across in-domain and cross-domain protocols demonstrates the effective-
ness of this approach.

Our experiments provide several key takeaways regarding the model’s
performance anddesign. Explicit boundary supervision on thefinal decoder
scales yields sharper contours and consistently improves segmentation
metrics for weak boundary and small lesion cases with minimal overhead.
Furthermore, training time guidance from foundationmodels and auxiliary
modalities promotes domain-invariant representations, which are crucial
formulti-center data.We also found thatmaintaining train-test consistency
via annealing themulti-modal guidanceweight to zero avoidsmodality shift
during testing. Additionally, data strategies such as small-polyp over-
sampling and Fourier amplitude mixing proved to be simple yet reusable
tools for enhancing recall and robustness.

Despite its strong performance, the proposed method has certain
limitations and risks. Quantitative analysis reveals that extremely tiny or
nearly isointense lesions can still be missed, affecting ~1.5% of test cases.
Future work will focus on bridging the gap towards clinical integration.
Specifically, we aim to leverage the model’s precise boundary delineation to
assist endoscopists in defining optimal resection margins. We also plan to
investigate the deployment of our lightweight model on endoscopic hard-
ware to provide real-time, intraoperative decision support without dis-
rupting clinical workflows.

Methods
Our objective is to develop a polyp segmentationmodel that not only excels
in in-domain evaluations but also generalizes robustly to unseen clinical
environments, with special emphasis on diminutive and weak boundary

lesions.We propose PrysmNet (a P olyp-r efining sy stemwith S alience and
M ulti-modal guidance), which consists of: (i) a Vision Transformer (ViT)
backbone plus a boundary-centric refinement block, the biologically
inspiredsaliencemodule (BSM)and (ii) anadvanced training-time guidance
that transfers knowledge from a foundation model (SAM) and injects
auxiliary edge/texture cues. The guidancemodules are disabled at inference,
preserving a lightweight test-time path (see Fig. 4).

Problem setup and notation
Let the training set be T ¼ fðIðnÞ;Y ðnÞÞgNn¼1, where I 2 RH ×W × 3 is an
RGBcolonoscopy frameandY∈ {0, 1}H×W is a binary polypmask.Masks are
merged into a single foreground channel for training unless specified. We
transform Y to two-class one-hot Y1h∈ {0, 1}H×W×2, where the second
channel denotes foreground. The segmentation head outputs two-channel
logits ZðSÞ 2 RH ×W × 2 with bY ¼ softmaxðZðSÞÞ and the foreground
probability bY fg ¼ bY ½:; :; 1�. Symbols used throughout are summarized in
Table 5.

Backbone and decoder overview
We employ a ViT-B/16 backbone (patch size 16) pre-trained on ImageNet-
21k, chosen for its strong global context modeling. Image tokens are
reshaped back to multi-scale feature maps via a lightweight pyramid pro-
jection to {1/32, 1/16, 1/8, 1/4} spatial scales.

A U-shaped decoder progressively upsamples features with bilinear
interpolation; skip connections fuse {1/32, 1/16, 1/8, 1/4} scales via 1 × 1 and
3 × 3 convolutions. BSM blocks (Fig. 5) are attached to the last two decoder
stages to explicitly sharpen boundaries where spatial detail is richest. The
segmentation head is a 3 × 3 conv followed by a 1 × 1 conv, producing two-
channel logits Z(S).

Architectural innovation: biologically inspired salience
module (BSM)
Polyp boundaries can be faint, blurry, or partially occluded. The human
primary visual cortex (V1) addresses similar challenges through highly
tuned responses to local contrast, orientation, and frequency. We
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Fig. 4 | Overall architecture of PrysmNet. The model takes an RGB image,
potentially containing diminutive and weak-boundary lesions, as input. (Encoder)
TheViT backbone processes the image by dividing it into patches, which are linearly
projected into tokens. These tokens pass through a series of Transformer blocks,
each containing Multi-head Attention and an MLP, to capture global context.
(Decoder) A U-shaped decoder reconstructs the segmentation mask from multi-

scale features {1/32, 1/16, 1/8, 1/4}. Skip connections merge features from the
encoder. The core innovation, the biologically inspired salience module (BSM), is
integrated into the decoder to refine features, especially along polyp boundaries,
producing an explicit boundary supervision signal S. During training, an advanced
guidance strategy provides auxiliary edge/texture cues, which are disabled at infer-
ence. The final output is a refined segmentation mask Y.
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operationalize this inspiration with a learnable multi-scale filter bank that
emphasizes boundary-relevant signals and a residual amplification gate that
selectively boosts such signals in the decoder (see Fig. 5, left panel).

Given decoder feature F 2 RH ×W ×C , BSM computes a saliencemap

S ¼ σ Conv1× 1 Convðd¼1Þ3 × 3 ðFÞ; . . . ;Convðd¼4Þ3 × 3 ðFÞ
h i� �� �

; ð1Þ

where ConvðdÞ3 × 3 are dilated convolutions with dilation rates d ∈ {1, 2, 3, 4}
using “same”padding, the bracket denotes channel-wise concatenation, and
σ is the Sigmoid. The choice of dilation rates {1, 2, 3, 4} was determined
through preliminary experiments comparing {1, 2}, {1, 2, 3}, and {1, 2, 3, 4,
5}; the four-scale configuration (d ∈ {1, 2, 3, 4}) provided the best balance
between boundary sensitivity and computational efficiency, capturing fine
edges (d = 1) as well as broader context (d = 4) relevant for polyp

boundaries. Filters can be optionally initialized to approximate Sobel/
Gabor banks and then fine-tuned end-to-end, making S adaptive to
colonoscopic textures and edges.

Salience gates the feature via

Fref ¼ F þ α � ðF � SÞ; ð2Þ

where α is a learnable scalar (initialized to 1.0). The residual pathway sta-
bilizes training by preserving identity when salience is uncertain. Empiri-
cally, placing BSM on the last two decoder scales balances capacity with
computational overhead.

Advanced training guidance strategy
To improve generalization without increasing test-time cost, we introduce
two orthogonal, training-only components (Fig. 5, right): (i) a foundation-
model distillation module (FMDM), which exclusively transfers knowledge
froma frozen foundationmodel (SAM) viamulti-level distillation, and (ii) a
multi-modal guidance module (MGM), which leverages self-derived aux-
iliary modalities (HED edges and LBP textures) and injects them through a
gated cross-attention branch. Conceptually, FMDM is teacher–student
distillation from an externalmodel, whereasMGM ismodality-level feature
fusion without any teacher. Both modules are disabled at inference, leaving
an identical test time path.

FMDM primarily draws supervision from a frozen foundation model
(SAM). When ground-truth (GT) labels are available during supervised
training, we use them for (i) pseudo-mask selection and (ii) quality-aware
reweighting inEq. (7) (this is thedefault setting in all ourmain experiments).
The GT-free variant, which relies solely on SAM stability scores and area
priors, is used only in ablation studies to demonstrate robustness; in prac-
tice, we recommend using quality-aware weighting whenGT is available, as

Table 5 | Key symbols and operations

Symbol Meaning

F 2 RH×W ×C Decoder feature map at a given scale

S ∈ [0, 1]H×W×1 BSM salience/boundary probability map

ZðSÞ 2 RH ×W × 2 Student two-class logits; bY ¼ softmaxðZðSÞÞ
YSAM Pseudo-mask from SAM (binary); B( ⋅ ) gives its thin boundary

ψ( ⋅ ) 1 × 1 projection for channel alignment

Dilate/Erode Morphological operators with a 3 × 3 square structuring
element

Thin( ⋅ ) Morphological thinning to unit-pixel width

⊙ Hadamard product

 

20% last 
epochs 
 1      0    

inference
  = 0     

K

Fig. 5 |Detailed view of the BSMand advanced training guidance strategies. (Left)
The Biologically Inspired Salience Module (BSM). This module takes a decoder
feature map F as input. A learnable multi-scale filter bank, composed of parallel
dilated convolutions (d = 1, 2, 3, 4), extracts edge and texture information at various
receptive fields. The concatenated results are passed through a 1 × 1 convolution and
a Sigmoid function to produce a salience map S. This map is then used to gate the
original feature map via a residual amplification pathway (Fref = F + α ⋅ (F ⊙ S)),
selectively enhancing signals critical to polyp boundaries. (Right)Advanced training
guidance strategies (training-only). These modules are disabled at inference.

aMulti-level foundation model distillation (FMDM): A frozen SAM teacher model
generates pseudo-masks (YSAM) and boundaries (BSAM) from the input image. This
provides output-level guidance for the student network (PrysmNet) through a
distillation loss. Feature-level distillation is also applied by aligning intermediate
features between the teacher and student.bMulti-modal guidance (MGM): auxiliary
modalities, such as texture maps from LBP and edge maps fromHED, are generated
from the input image. These are processed by lightweight encoders and fused with
themain ViT features (FViT) using a cross-attentionmechanism. A gating parameter
λ anneals to zero during training to ensure train-test consistency.
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it improves distillation quality by down-weighting unreliable SAM pre-
dictions (low IoU with GT).

We use the official SAM ViT-H checkpoint trained on SA-1B as the
teacher and generate masks with the Automatic Mask Generator (AMG;
points_per_side = 32, pred_iou_thresh = 0.88, stabili-
ty_score_thresh = 0.95, box_nms_thresh = 0.7). For each train-
ing sample, we obtain a binary pseudo-mask YSAM: for single polyp frames,
we select the mask with the highest IoU to Y (when GT is available); for
multi-polyp frames, we take the union of masks with IoU ≥ 0.5; whenGT is
not available, we select the highest stability mask subject to an area prior
(e.g., 50–105 pixels). We define a unit-width boundary operator

BðMÞ ¼ Thin DilateðM; 3 × 3Þ � ErodeðM; 3 × 3Þð Þ; ð3Þ

with a 3 × 3 square structuring element. Denote BSAM = B(YSAM) and BGT
= B(Y).

We adopt temperature-scaled KL from teacher to student. Let the
student’s logits be Z(S) and the teacher distribution P(T). If teacher logits Z(T)

are available, PðTÞ ¼ softmaxðZðTÞ=τÞ; otherwise we construct a smoothed
two-class distribution from YSAM with label smoothing ϵ = 0.05:

PðTÞ ¼ ð1� ϵÞð1� YSAMÞ þ
ϵ

2
; ð1� ϵÞYSAM þ

ϵ

2

� �
;

The loss is

Ldistillmask ¼ τ2 � KL PðTÞ jj softmax
ZðSÞ

τ

� �� �
; ð4Þ

with τ = 2.0.
To transmit SAM’s contour prior, we guide BSM’s boundary mapbB :¼ S towards BSAM using Dice:

Ldistillbnd ¼ Dice bB; BSAM

� �
: ð5Þ

We match intermediate features at compatible spatial scales. SAM’s
image-encoder tokens are reshaped to a 2D grid (≈1/16 resolution), bili-
nearly resized to the student’s decoder scale, and projected via ψ:

Ldistillfeat ¼
1

HW
ψ eFstudent

� �� ψ eFteacher

� ��� ��2
2: ð6Þ

We use the student’s 1/8-scale decoder feature.
When GT is available, per-sample weight w = clip(IoU(YSAM, Y), 0.1,

1.0) re-weights distillation:

LQAWdistill ¼ w � Ldistillmask þ
ffiffiffiffi
w
p � Ldistillbnd þ w � Ldistillfeat : ð7Þ

Scope: MGM does not rely on any foundation model; it injects self-
derived edge/texture cues via a cross-attention branch whose gating para-
meter λ anneals to zero.

From each input I, derive edges Medge via HED (side fused map,
NMS+ hysteresis thresholds tlow =0.1, thigh = 0.3) and texturesMtex via LBP
(radius 1, 8 neighbors; per-tile histograms).

Two shallow encoders Eedge, Etex (two 3 × 3 conv blocks, 32 channels,
BN+ ReLU) transform Medge, Mtex; features are concatenated and pro-
jected:

Faux ¼ Conv1× 1 ½ EedgeðMedgeÞ; EtexðMtexÞ�
� �

:

We employ cross-attention (rather than simple concatenation or element-
wise addition) to allow the model to selectively attend to relevant edge/
texture cues based on the main feature context. This adaptive fusion

mechanism ensures that auxiliary modalities contribute only when they
provide complementary information, avoiding interference when edge/
texture signals are noisy or redundant. Fuse with ViT features FViT via

Ffused ¼ LayerNorm FViT þ λ � CrossAttnðQ ¼ FViT;K ¼ Faux;V ¼ FauxÞ
� �

:

ð8Þ
To avoid distribution shift, λ decays linearly from 1 to 0 over the last

20% epochs; at inference λ = 0 and MGM is fully disabled.

Overall objective and training recipe
Soft Dice on bY fg plus two-class CE:

Lseg ¼ 1� DiceðbYfg ; YÞ
� �

þ CE Y1h; bY� �
: ð9Þ

with

Diceðp; gÞ ¼
2
P

ijpijgij þ ϵP
ijp

2
ij þ

P
ijg

2
ij þ ϵ

; ϵ ¼ 10�6:

Supervise bB :¼ S against BGT:

Lbnd ¼ Dice bB; BGT

� �
; BGT ¼ BðYÞ via Eq:ð3Þ: ð10Þ

Encourage perceptual fidelity:

Lssim ¼ 1� SSIM bY fg; Y
� �

ðwindow11 × 11Þ: ð11Þ

Ltotal ¼ Lseg þ λbnd Lbnd þ λdistill L
mask
distill þ Lbnddistill þ Lfeatdistill

� �þ λssim Lssim:

ð12Þ

Default hyperparameters: λbnd = 0.8, λdistill = 1.0, λssim = 0.5, τ = 2.0; Ldistillfeat at
the 1/8 decoder scale. These values were determined through validation
experiments on a held-out subset of the training data. Sensitivity analysis
(varying each hyperparameter by ±20%) showed that performance is
relatively robust: mDice changes by <0.5% for λbnd and λdistill, and <0.3% for
λssim, indicating that the chosen values are near optimal within a
reasonable range.

Data sampling and augmentation
Weemploy a domain-balanced sampling strategy inwhich eachmini-batch
draws uniformly from the two source datasets; for odd batch sizes, the
additional sample alternates between domains across iterations to preserve
parity. To strengthen sensitivity to diminutive lesions, we oversample
images whose polyp foreground occupies <1% of pixels at training resolu-
tion and enforce that exactly 25% of minibatches per epoch consist exclu-
sively of such cases. The augmentation pipeline comprises Fourier
amplitude mixing with coefficient α � Uð0:05; 0:15Þ, random channel
shuffling (p = 0.2), color jittering of brightness/contrast/saturation by ± 0.2,
random scaling in [0.75, 1.25] followed by a random crop to the training
size, and horizontal flipping.

Optimization, inference, and implementation details
Models are trained for 100 epochs with AdamW (learning rate 3 × 10−4,
weight decay 0.05, β = (0.9, 0.999)) under a cosine schedule with a 5 epoch
warm-up, mixed precision arithmetic, gradient norm clipping at 1.0, an
EMA decay of 0.999, and synchronized batch normalization across GPUs.
We adopt a simple curriculum for the multi-granularity module (MGM):
theweightλ is held at 1 for thefirst 80%of epochs and then annealed linearly
to 0; the distillation coefficient λdistill can be halved during the final 10
epochs.
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For reproducibility, we fix random seeds, prefer deterministic kernels,
and use bilinear resizing with align_corners= false, inputs are 352 × 352 at
train and test. At inference, only the ViT backbone, the decoder with the
boundary-aware saliency module (BSM), and a two-class head are active;
MGM is disabled (λ = 0) and predictions are arg maxc20;1bY½:; :; c�. BSM
augments each attached scale with four dilated 3 × 3 convolutions
and one 1 × 1 convolution, yielding a per-scale complexity of
O! HWð4 � 9C2 þ C2Þ� � ¼ Oð37HWC2Þ at 1/8–1/4 resolutions. Com-
pared to the base ViT+ decoder complexity (approximatelyOðHWðC2 þ
CÞÞ per decoder stage), BSM adds roughly 5–8% overhead in FLOPs, which
is minimal given the significant boundary refinement benefits. MGM and
FMDM are training-only, so test-time cost equals ViT+ decoder+ BSM.

Ablations are enabled by default: BSM (Eqs. (1) and (2) with Lbnd),
FMDM-mask/bnd/feat (Eqs. (4)–(6)), MGM with the above annealing
(Eq. (8), off at test), SSIM (Eq. (11)), and SmallPolypOversample
(Section 7).

Two implementation notes improved stability: (i) the thinning
operator Thin( ⋅ ) in Eq. (3) prevents over-penalizing near-miss boundaries;
and (ii) all losses consume two-class softmax outputs (two-class CE; Soft
Dice on the foreground probability). When SAM logits are unavailable, we
substitute the smoothed teacher distribution P(T) derived from YSAM in the
KL context of Eq. (4) for robust training.

Training and inference
Algorithm 1 provides a high-level overview of the training and inference
procedures for PrysmNet.

Algorithm 1. High-Level Training and Inference Logic for PrysmNet
1: procedure TrainingStep(mini_batch)
2: Sample images and masks from source datasets (domain-balanced,
small-polyp emphasis).
⊳— Training-time Guidance—

3: // Multi-modal guidance (MGM)
4: Generate auxiliary modalitiesMedge (HED) andMtex (LBP).
5: Fuse auxiliary modalities with ViT features FViT via Eq. (8) using
current λ.

6: // Foundation model distillation (FMDM)
7: Generate pseudo-maskYSAM and boundary BSAM from frozen SAM
teacher.
⊳— Forward Pass and Loss Computation—

8: Decode fused features with BSM to get student logits Z(S) and
boundary map bS.

9: Compute ground-truth boundary BGT from the ground-truth
mask Y.

10: Calculate total loss Ltotal using ground truth (Y, BGT) and SAM
guidance (YSAM, BSAM) via Eq. (12).

11: Backpropagate Ltotal and update model weights.
12: end procedure
13: procedure Inference image
14: Set λ = 0 to disable all training-only modules (MGM, FMDM).
15: Perform forward pass through the inference-only path (ViT

backbone, Decoder with BSM).
16: Obtain final logits Z(S).
17: bY  softmax ðZðSÞÞ.
18: return argmaxðbYÞ ⊳Return the final binary segmentation mask
19: end procedure

Data availability
All datasets are publicly available for download: Segmented Polyp Dataset
for Computer-Aided Gastrointestinal Disease Detection (Kvasir-SEG):
https://datasets.simula.no/kvasir-seg/, CVC-ClinicDB: https://www.kaggle.
com/datasets/balraj98/cvcclinicdb, ETIS-LaribPolypDB: https://www.
kaggle.com/datasets/nguyenvoquocduong/etis-laribpolypdb, ColonDB:
https://www.kaggle.com/datasets/longvil/cvc-colondb, and EndoScene:
https://github.com/CAMMA-public/Endoscapes?tab=readme-ov-file. The

deep learning algorithms and analysis pipelines for this study were imple-
mented using the PyTorch framework. The codebase supports the complete
training and inference procedures, including the integration of foundation
model distillation and auxiliary guidance modules. To facilitate reprodu-
cibility, all custom scripts, model architectures, configuration files, and
evaluation tools will be made publicly available following the paper's pub-
lication. Detailed documentation regarding the specific software environ-
ment, dependencies, and library versions is provided within the repository.

Received: 30 October 2025; Accepted: 4 January 2026;

References
1. Poon, C. C. et al. Ai-doscopist: a real-time deep-learning-based

algorithm for localising polyps in colonoscopy videos with edge
computing devices. NPJ Digit. Med. 3, 73 (2020).

2. Ali, S. et al. A multi-centre polyp detection and segmentation dataset
for generalisability assessment. Sci. Data 10, 75 (2023).

3. Dumitru, S. et al. Duck-net: a lightweight CNN for colorectal polyp
segmentation. Lightweight architecture; competitive accuracy.
Preprint at arXiv:2311.02239 (2023).

4. Ali, S. et al. Assessing generalisability of deep learning-based polyp
detection and segmentation methods through a computer vision
challenge. Sci. Rep. 14, 2032 (2024).

5. Xue, H., Yonggang, L., Min, L. & Lin, L. A lighter hybrid feature fusion
framework for polyp segmentation. Sci. Rep. 14, 23179 (2024).

6. Biffi, C. et al. A novel AI device for real-time optical characterization of
colorectal polyps. NPJ Digit. Med. 5, 84 (2022).

7. Fan, D. P. et al. PraNet: Parallel Reverse Attention Network for Polyp
Segmentation. InMedical Image Computing and Computer Assisted
Intervention –MICCAI 2020. Vol. 12266 (eds Martel, A. L. et al.)
( Lecture Notes in Computer Science, 2020).

8. Yu, T. &Wu,Q. Hardnet-cps: colorectal polyp segmentation basedon
harmonic densely united network. Biomed. Signal Process. Control
85, 104953 (2023).

9. Yang, C., Guo, X., Zhu,M., Ibragimov, B. & Yuan, Y.Mutual-prototype
adaptation for cross-domain polyp segmentation. IEEE J. Biomed.
Health Inform. 25, 3886–3897 (2021).

10. Bao, J., Zhou, Z., Li, W. J. & Luo, R. Structure-aware stylized image
synthesis for robust medical image segmentation. arXiv preprint
arXiv:2412.04296 (2024).

11. Dutta, T. K., Majhi, S., Nayak, D. R. & Jha, D. Ma mba g uided bo u
ndary p rior matters: a new perspective for generalized polyp
segmentation. In International Conference on Medical Image
Computing and Computer-Assisted Intervention 380–391 (Springer,
2025).

12. Wang, S. et al. Gh-unet: group-wise hybrid convolution-vit for robust
medical image segmentation. npj Digit. Med. 8, 426 (2025).

13. Bernal, J. et al. Comparative validation of polyp detection methods in
video colonoscopy: results from the MICCAI 2015 endoscopic vision
challenge. IEEE Trans. Med. Imaging 36, 1231–1249 (2017).

14. Jha, D. et al. Kvasir-SEG: A Segmented Polyp Dataset. InMultiMedia
Modeling (MMM), Vol. 11962 (eds Ro, Y. et al.) (Lecture Notes in
Computer Science, 2020).

15. Vázquez, D. et al. A benchmark for endoluminal scene segmentation
of colonoscopy images. J. Healthc. Eng. 2017, 4037190
(2017).

16. Ronneberger, O., Fischer, P., Brox, T. U-Net: Convolutional Networks
for Biomedical Image Segmentation. InMedical Image Computing
and Computer-Assisted Intervention –MICCAI 2015. Vol. 9351 (eds
Navab, N., Hornegger, J., Wells, W., Frangi, A.) (Lecture Notes in
Computer Science, 2015).

17. Zhou, Z., RahmanSiddiquee,M.M., Tajbakhsh, N., Liang, J. UNet++:
A Nested U-Net Architecture for Medical Image Segmentation. In
Deep Learning inMedical Image Analysis andMultimodal Learning for

https://doi.org/10.1038/s41746-026-02345-7 Article

npj Digital Medicine |           (2026) 9:158 10

https://datasets.simula.no/kvasir-seg/
https://www.kaggle.com/datasets/balraj98/cvcclinicdb
https://www.kaggle.com/datasets/balraj98/cvcclinicdb
https://www.kaggle.com/datasets/nguyenvoquocduong/etis-laribpolypdb
https://www.kaggle.com/datasets/nguyenvoquocduong/etis-laribpolypdb
https://www.kaggle.com/datasets/longvil/cvc-colondb
https://github.com/CAMMA-public/Endoscapes?tab=readme-ov-file
www.nature.com/npjdigitalmed


Clinical DecisionSupport.Vol. 11045 (edsStoyanov,D. et al.) (Lecture
Notes in Computer Science, 2018).

18. Jha, D. et al. ResUNet++: An Advanced Architecture for Medical
Image Segmentation. International Symposium on Multimedia
225–2255 (2019).

19. Jha, D., Riegler, M. A., Johansen, D., Halvorsen, P. & Johansen, H. D.
DoubleU-Net: A Deep Convolutional Neural Network for Medical
Image Segmentation. 2020 IEEE 33rd International Symposium on
Computer-Based Medical Systems (CBMS), 558−564 (Rochester,
MN, USA, 2020).

20. Rana, D., Pratik, S., Balabantaray, B. K., Peesapati, R. & Pachori, R. B.
Gcapseg-net: an efficient global context-aware network for colorectal
polyp segmentation. Biomed. Signal Process. Control 100, 106978
(2025).

21. Dong, B. et al. Polyp-pvt: polyp segmentation with pyramid vision
transformers. arXiv preprint arXiv:2108.06932 (2021).

22. Xiao, B., Hu, J., Li, W., Pun, C.-M. & Bi, X. Ctnet: contrastive
transformer network for polyp segmentation. IEEE Trans. Cybern. 54,
5040–5053 (2024).

23. Ji, G.-P., Zhang, J., Campbell, D., Xiong, H. & Barnes, N. Rethinking
polyp segmentation from an out-of-distribution perspective.Mach.
Intell. Res. 21, 631–639 (2024).

24. Zhang, Y., Liu, H. &Hu,Q. TransFuse: Fusing Transformers andCNNs
for Medical Image Segmentation. InMedical Image Computing and
Computer Assisted Intervention –MICCAI 2021. Vol. 12901 (eds de
Bruijne, M. et al.) (Lecture Notes in Computer Science, 2021).

25. Shao, H., Zhang, Y. & Hou., Q. Polyper: boundary sensitive polyp
segmentation. In Proceedings of the Thirty-Eighth AAAI Conference
on Artificial Intelligence and Thirty-Sixth Conference on Innovative
Applications of Artificial Intelligence and Fourteenth Symposium on
Educational Advances in Artificial Intelligence (AAAI'24/IAAI'24/
EAAI'24), Vol. 38, 4731–4739 (AAAI Press, 2024).

26. Cao, R. et al. Cfanet: context feature fusion and attentionmechanism
based network for small target segmentation in medical images.
Sensors 23, 8739 (2023).

27. Wu,H. et al. Polypseg+: a lightweight context-aware network for real-
time polyp segmentation. IEEE Trans. Cybern. 53, 2610–2621 (2022).

28. Zhao, X, Zhang, L. & Lu, H. Automatic Polyp Segmentation via Multi-
scale Subtraction Network. In Medical Image Computing and
Computer Assisted Intervention –MICCAI 2021: 24th International
Conference, September 27–October 1, 2021, Proceedings, Part I
(Strasbourg, France, 2021).

29. Kirillov, A. et al. Segment anything. In Proc. of the IEEE/CVF
International Conference on Computer Vision 4015–4026 (2023).

30. Mazurowski, M. A. et al. Segment anything model for medical image
analysis: an experimental study.Med. Image Anal. 89, 102918 (2023).

31. Wang,M., Xu, C. & Fan, K. An efficient fine tuning strategy of segment
anything model for polyp segmentation. Sci. Rep. 15, 14088 (2025).

32. Zhao, Y. et al. Segment anythingmodel-guided collaborative learning
network for scribble-supervised polyp segmentation. arXiv preprint
arXiv:2312.00312 (2023).

33. Zhang, M. et al. Adaptive risk minimization: Learning to adapt to
domain shift. Adv. Neural Inf. Process. Syst. 34, 23664–23678 (2021).

34. Cao, X., Fan, K. & Ma, H. Federal learning-based a dual-branch deep
learning model for colon polyp segmentation.Multimedia Tools Appl.
84, 10425–10446 (2025).

35. Galdran, A., Carneiro, G., Miguel A. & Ballester, G. Balanced-MixUp
for Highly ImbalancedMedical ImageClassification. InMedical Image
Computing and Computer Assisted Intervention –MICCAI 2021: 24th
International Conference, Strasbourg, France, September 27 –

October 1, 2021, Proceedings, Part V. 323–333 (Springer-Verlag,
Berlin, Heidelberg, 2021).

36. Fang, Y., Chen, C., Yuan, Y. & Tong, Ky. Selective Feature
Aggregation Network with Area-Boundary Constraints for Polyp

Segmentation. InMedical Image Computing and Computer Assisted
Intervention –MICCAI 2019. Vol 11764 (eds Shen, D. et al) (Lecture
Notes in Computer Science, 2019).

37. Khan, A. M., Ashrafee, A., Khan, F. S., Hasan M. B., & Kabir, M. H.
AttResDU-Net: Medical Image Segmentation Using Attention-based
Residual Double U-Net. 2023 International Joint Conference on
Neural Networks (IJCNN), 1−8 (Gold Coast, Australia, 2023).

38. Wei, J., Hu, Y., Zhang,R., Li, Z., Zhou, S. K. &Cui, S. ShallowAttention
Network for Polyp Segmentation. In Medical Image Computing and
Computer Assisted Intervention –MICCAI 2021. Vol 12901 (eds de
Bruijne, M. et al.) (Lecture Notes in Computer Science, 2021).

39. Chen, J. et al. Transunet: transformers make strong encoders for
medical image segmentation. arXiv preprint arXiv:2102.04306 (2021).

40. Huang, C.-H., Wu, H.-Y. & Lin, Y.-L. Hardnet-mseg: a simple
encoder–decoder polyp segmentation neural network that achieves
over 0.9meandice and86 fps. arXiv preprint arXiv:2101.07172 (2021).

41. Lin, A. et al. Ds-transunet: Dual swin transformer U-Net for medical
image segmentation. IEEE Trans. Instrum. Meas. 71, 1–15 (2022).

42. Park, K.-B. & Lee, J. Y. Swine-net: hybrid deep learning approach to
novel polyp segmentation using convolutional neural network and
swin transformer. J. Comput. Design Eng. 9, 616–632 (2022).

43. Lou A, Guan S, Loew M. CaraNet: context axial reverse attention
network for segmentation of small medical objects. J Med Imaging
(Bellingham) 10, 014005 (2023).

44. Duc, N. T., Oanh, N. T., Thuy, N. T., Triet, T. M. & Dinh, V. S.
Colonformer: an efficient transformer based method for colon polyp
segmentation. IEEE Access 10, 80575–80586 (2022).

45. Chen, F., Ma, H. & Zhang, W. Segt: a novel separated edge-guidance
transformer network for polyp segmentation. arXiv preprint
arXiv:2306.10773 (2023).

Acknowledgements
This study was supported by the National Research Center of Geriatric
Diseases, 2022 (Xiangya Hospital) (XYYYJSTG-11 to Xiaowei Liu), National
Research Center of Geriatric Diseases, 2024 (Xiangya Hospital to Xiaowei
Liu), and Hunan Provincial Natural Science Foundation of China
(2023JJ30947 to Yu Wu).

Author contributions
Junbo Xiao: Study concept and design, drafting of themanuscript, and data
analysis. Han Yi: Acquisition of data, study design, and investigation. Lei
Wang: Analysis and interpretation of data and conceptualization. Ying Li:
Acquisition of data, methodology, and investigation. XiaotongWang: Figure
preparation, methodology, and Investigation. Shizhe Li: Figure preparation,
methodology, and investigation. Jun Yi: Figure preparation, methodology,
and investigation. Yu Wu: Critical revision of the manuscript, supervision,
funding acquisition, and conceptualization. Xiaowei Liu: Critical revision of
themanuscript, project administration, supervision, fundingacquisition, and
conceptualization. All authors contributed to the manuscript and to the
interpretation of the results. All authors approved the final version of the
manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Correspondenceand requests formaterials should be addressed toYuWu
or Xiaowei Liu.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’snoteSpringerNature remainsneutralwith regard to jurisdictional
claims in published maps and institutional affiliations.

https://doi.org/10.1038/s41746-026-02345-7 Article

npj Digital Medicine |           (2026) 9:158 11

http://www.nature.com/reprints
www.nature.com/npjdigitalmed


Open Access This article is licensed under a Creative Commons
Attribution-NonCommercial-NoDerivatives 4.0 International License,
which permits any non-commercial use, sharing, distribution and
reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative
Commons licence, and indicate if you modified the licensed material. You
do not have permission under this licence to share adapted material
derived from this article or parts of it. The images or other third party
material in this article are included in the article’s Creative Commons
licence, unless indicated otherwise in a credit line to thematerial. If material
is not included in thearticle’sCreativeCommons licenceandyour intended
use is not permitted by statutory regulation or exceeds the permitted use,
you will need to obtain permission directly from the copyright holder. To
view a copy of this licence, visit http://creativecommons.org/licenses/by-
nc-nd/4.0/.

© The Author(s) 2026

https://doi.org/10.1038/s41746-026-02345-7 Article

npj Digital Medicine |           (2026) 9:158 12

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
www.nature.com/npjdigitalmed

	PrysmNet a polyp refining system using salience and multimodal guidance for reproducible cross domain segmentation
	Results
	Reporting protocol and metric choices
	In-domain performance comparison
	Cross-domain generalization on ETIS-LaribPolypDB
	Qualitative analysis
	Ablation study
	Summary

	Conclusion
	Methods
	Problem setup and notation
	Backbone and decoder overview
	Architectural innovation: biologically inspired salience module (BSM)
	Advanced training guidance strategy
	Overall objective and training recipe
	Data sampling and augmentation
	Optimization, inference, and implementation details
	Training and inference

	Data availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information




