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Abstract

Recent advances in Neural Radiance Fields
(NeRFs) have demonstrated remarkable seg-
mentation performance in 3D computer vision
tasks, capable of segmenting arbitrary content
in static scenes. However, it remains a challenge
for most NeRFs to perform segmentation in dy-
namic scenes, such as soft tissue segmentation.
In this paper, a novel 3D polyp segmentation
method with deformable neural radiance fields
is proposed. First, we introduce a new approach
called PolypVol-NeRF to extend NeRFs with 3D
mask prediction capability. A two-stage training
framework is introduced to reconstruct the dy-
namic radiance field of soft tissue by modelling
colour and density. Subsequently, a multi-view
self-prompt mechanism is employed to automat-
ically and accurately predict 2D polyp masks for
the rendered views generated by the PolypVol-
NeRF dynamic implicit field. Finally, we intro-
duce a view-alternating weak supervision strat-
egy to train PolypVol-NeRF for the second time
using 2D polyp mask supervision aggregated
from multiple training views. This enables ob-
taining a dynamic 3D Mask implicit field with-
out requiring any ground-truth volumetric an-

*Corresponding author: wtang@bournemouth.ac.uk

notations. The experimental results demon-
strate that our method achieves more compre-
hensive reconstruction and more accurate seg-
mentation of the lesion region than the state-of-
the-art 3D segmentation methods, resulting in
the best overall performance. The user study
feedback shows that the proposed method has
received high ratings from participants in terms
of segmentation accuracy, visual quality and
clinical applicability.

Keywords: Endoscopy image, Polyp, 3D seg-
mentation, Dynamic neural radiance fields, Im-
age segmentation.

1. Introduction

Reconstructing high-quality deformable tissue
from endoscopic images and performing volumet-
ric segmentation of lesions is a challenging task.
First, soft tissue deformation and invalid pixel oc-
clusions can interfere with both 3D reconstruction
and segmentation. Second, acquiring 3D masks for
polyps is extremely labour-intensive and impracti-
cal in real surgical scenarios.

With the success of NeRFs in scene recon-
struction, a new approach has emerged to project
2D segmentation results of multiple views directly
onto 3D meshes or voxel grids for interactive 3D
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segmentation within the radiance field. For ex-
ample, SA3D ( Segment Anything in 3D) [5] and
SAGA ((Segment Any 3D GAussians) [4] have
leveraged powerful visual base models (i.e., Seg-
ment Anything Model (SAM)) to accurately seg-
ment arbitrary content in 3D static scenes [12].
However, manual interaction for interactive 3D
segmentation, although it provides accurate results,
is time-consuming and complex for physicians to
manage, increasing the operational burden.

Furthermore, most NeRFs variants mainly
model the complete static radiance field and lack
the capability of differentiating or segmenting in-
dividual regions and areas of non-rigid struc-
tures. Acquiring 3D masks for polyps is extremely
labour-intensive and impractical in real surgical
scenarios. As a result, existing methods strug-
gle to achieve accurate 3D segmentation with-
out extensive manual 3D masks. On the other
hand, conventional NeRFs excel at reconstructing
view-consistent density and color fields. However,
they typically lack the capacity to reconcile view-
specific 2D semantic predictions into a coherent
and spatially aligned 3D representation.

This paper presents a novel 3D polyp segmen-
tation method for accurate 3D polyp segmentation
in deformable soft-tissue endoscope scenes, which
can also be extended to handle other deformable
soft-tissue scenes. The algorithm consists of three
modules: a) soft tissue reconstruction; b) multi-
view mask generation; c) 2D-to-3D segmentation,
as shown in Figure 1.

In the soft tissue reconstruction module, to ex-
tract specific polyp regions from the implicit field,
we propose a novel method called PolypVol-NeRF.
This method adopts a two-stage training framework
that enables volumetric mask prediction without
ground-truth (GT) volumetric annotations. Aiming
to achieve accurate and efficient reconstruction of
human soft tissue from monocular endoscopic im-
ages, the first stage of PolypVol-NeRF trains only
the appearance and geometry components, while
keeping the mask branch frozen, to reconstruct the
dynamic radiance field.

In the multi-view mask generation module, to
address the lack of volumetric mask annotations,

we propose a multi-view self-prompt mechanism
that combines YOLOv8 and Segment Anything in
Medical Images (MedSAM) [15] to generate accu-
rate 2D polyp Masks for all training views quickly.
These pseudo masks provide weak semantic cues
from different perspectives.

In the 2D-to-3D segmentation module, to lift the
multi-view 2D Masks into a coherent 3D segmen-
tation field, we propose a view-alternating weak su-
pervision strategy. This strategy alternately guides
the learning of 3D volumetric segmentation in the
second-stage PolypVol-NeRF training by leverag-
ing the 2D polyp masks. The trained dynamic 3D
Mask implicit field can output precise segmentation
of polyps in dynamic scenes.

Experiments on diverse real endoscopic scenes
show that our method outperforms existing ap-
proaches in both quantitative performance and vi-
sual quality. Ablation and user studies further con-
firm its effectiveness and clinical applicability for
reliable 3D polyp segmentation.

2. Related Work

2.1. 3D segmentation

With the development of deep learning, many
end-to-end 3D segmentation methods have been
proposed based on explicit 3D representations, in-
cluding volumetric grids, point clouds, and surface
meshes [21, 22, 7]. These algorithms perform seg-
mentation directly on pre-existing 3D data and have
achieved remarkable success on medical imaging
modalities such as CT and MRI. However, these ap-
proaches fundamentally rely on explicit 3D inputs
and dense volumetric supervision, which are un-
available in clinical endoscopy. Endoscopic images
provide only monocular or multi-view 2D observa-
tions of deformable tissue surfaces under a limited
field of view, while manually annotated 3D lesion
ground truth is inherently difficult to obtain in in
vivo settings. As a result, meaningful 3D lesion
segmentation cannot be directly performed from
image observations alone.

For 3D object segmentation from 2D image
inputs, some studies treat 3D reconstruction or
implicit scene representation as an intermediate



step. Recent NeRFs-based 3D segmentation meth-
ods [17] leverage semantic propagation by integrat-
ing semantic cues into radiance field representa-
tions, enabling label transfer across views in 3D
space. Semantic-NeRF [33] and ISRF [8] both
explore incorporating semantic cues into NeRF to
enable 3D segmentation via semantic propagation.
Semantic-NeRF embeds category-level semantics
into the radiance field and propagates sparse se-
mantic annotations to novel views for dense multi-
class segmentation, whereas ISRF adopts an in-
teractive, category-agnostic setting by propagating
sparse user inputs using pretrained 2D visual fea-
tures without retraining the NeRF model. How-
ever, both ISRF and Semantic-NeRF rely heavily
on visual priors learned from large-scale natural
image datasets and are mainly designed for static
or quasi-static scenes. Such methods may not gen-
eralise well to domains like endoscopy, where the
image characteristics differ significantly from those
of natural scenes.

Another line of work explores the integration
of 2D segmentation models with NeRF-based 3D
understanding [18, 27, 5, 4]. Segment Anything
Model (SAM) provides a strong 2D segmenta-
tion prior through flexible prompting and strong
generalization, making it well suited for supply-
ing reliable 2D cues to downstream 3D segmen-
tation tasks. SAM-Med3D [27] leverages interac-
tive SAM-style prompts to guide volumetric seg-
mentation and achieves accurate and efficient 3D
results on 3D medical datasets. Recent stud-
ies have explored 3D object segmentation in 3D
scene representations reconstructed from 2D im-
ages. SA3D [5] enables interactive 3D object se-
lection in NeRF-based scenes using SAM-based
prompts from a single view, while SAGA [4]
integrates Segment Anything with 3D Gaussian
splatting to achieve efficient interactive 3D seg-
mentation. Despite their effectiveness in static
scenes, these SAM-based methods rely on man-
ual user prompts and are restricted to static envi-
ronments, which limits their applicability to dy-
namic soft-tissue endoscopic scenarios where ac-
curate dynamic soft tissue reconstruction and au-
tomatic polyp segmentation from monocular se-

quences remain challenging.
Unlike conventional 3D segmentation ap-

proaches, this paper proposes a new framework
for 3D polyp segmentation from monocular 2D en-
doscopic images. Our method introduces a dedi-
cated multi-view self-prompt mechanism for effi-
cient and accurate lesion localization, and proposes
a view-alternating weak supervision strategy that
enables hybrid 2D-3D supervision without relying
on large-scale manually annotated 3D masks.

2.2. 3D Reconstruction

NeRF is an implicit neural representation that
reconstructs 3D scenes from multi-view images,
offering high modeling fidelity and superior novel
view synthesis quality. With the growing adoption
of NeRF and its variants [23, 20], these methods
have demonstrated promising potential for 3D re-
construction in endoscopic scenes. Existing stud-
ies mainly focus on adapting NeRFs to the specific
characteristics of endoscopic data, particularly de-
formable soft tissues. For instance, EndoNeRF [28]
extends D-NeRF [20] to binocular endoscopic se-
quences and enables detailed reconstruction of de-
formable surgical scenes. However, such meth-
ods rely on paired stereo endoscopic images and
are restricted to fixed viewpoints for depth estima-
tion. EndoGaussian [14] and Endo-GSMT [9] ex-
tend Gaussian Splatting to monocular endoscopic
videos by explicitly modeling dynamic scene el-
ements through learned motion fields and tempo-
ral consistency constraints, enabling fast and visu-
ally coherent reconstruction under camera motion
and soft-tissue deformation. However, these point-
based representations are mainly optimized for ren-
dering, while 3D lesion segmentation requires con-
tinuous volumetric reasoning and stable topology,
which are better supported by implicit representa-
tions. Although recent 4D implicit methods focus
on dynamic scene reconstruction, their extension to
reliable 3D lesion segmentation in endoscopic set-
tings remains largely unexplored.

This paper improves recent 4D implicit rep-
resentations and proposes a PolypVol-NeRF that
enables high-fidelity reconstruction of monocu-
lar endoscopic images under challenging condi-



Figure 1: The framework of the proposed 3D polyp segmentation method.

tions, including occlusions caused by invalid pixels
and soft-tissue deformations, while simultaneously
supporting accurate 3D lesion mask prediction.

3. Methods

Figure 1 shows the framework of our proposed
method, which consists of three main modules: soft
tissue reconstruction, multi-view mask generation
and 2D-to-3D segmentation. The first stage of the
proposed PolypVol-NeRF network training yields a
dynamic implicit field that enables rendering from
arbitrary views for subsequent 2D multi-view mask
generation (Sec. 3.1). Next, we use the proposed
multi-view self-prompt mechanism to accurately
extract the features of rendered views and output
2D Reference Masks that precisely localize the
polyps (Sec. 3.2). Finally, our utilizes the proposed
view-alternating weak supervision strategy to per-
form the second stage of training on PolypVol-
NeRF. This stage of training enables the mapping
of 2D-to-3D polyp mask segmentation (Sec. 3.3).

3.1. Soft Tissue Reconstruction

Existing methods in medical vision rarely ad-
dress 3D polyp segmentation, especially under
the monocular and deformable conditions of real-
world endoscopic imaging. Most previous methods
rely on simplified geometric representations, which
struggle to capture high-frequency details and can-
not model view-consistent semantics. We pro-
pose a novel semantic-aware framework, PolypVol-

NeRF, designed to encode semantic information for
3D object-level segmentation and enable accurate
volumetric polyp segmentation. PolypVol-NeRF
extends the strengths of Tensor4D [23] in dynamic
scene modeling to 3D polyp segmentation, while
effectively addressing the unique challenges posed
by monocular endoscopic imaging. We first ad-
dress the issue of invalid pixel occlusion caused by
surgical tools and non-informative background re-
gions in endoscopic images by using retrain SAM
to predict soft tissue masks that explicitly distin-
guish valid tissue regions from invalid pixels. Next,
the predicted tissue masks are incorporated into
Tensor4D through a tissue mask-guided ray sam-
pling strategy, ensuring that the trained dynamic
implicit field focus on reconstructing only valid dy-
namic soft tissue scenes. While these components
enable high-fidelity dynamic soft tissue reconstruc-
tion, they are insufficient for achieving 3D segmen-
tation. To this end, PolypVol-NeRF introduces an
additional mask Multilayer Perception (MLP) net-
work branch that implicitly learns a 3D volumetric
mask representation, enabling our framework to in-
corporate semantic boundary information into the
4D scene representation progressively.

The framework adopts a two-stage training
paradigm to separate geometric modeling from se-
mantic learning. This staged design not only stabi-
lizes geometry learning but also effectively decou-
ples appearance modeling from semantic supervi-
sion, paving the way for accurate volumetric mask



Figure 2: The overall flow of PolypVol-NeRF.

prediction in later stages.
Figure 2 shows the overall flow of PolypVol-

NeRF. Given an endoscopic image dataset consist-
ing of 2D input views, PolypVol-NeRF employs a
4D tensor decomposition method to efficiently rep-
resent dynamic volumetric scenes. By decompos-
ing the 4D spatiotemporal information (X, t) into
time-aware volumes and compact feature planes,
it enables the accurate reconstruction of structural
motions and dynamic details across multiple scales
from coarse to fine [13]. PolypVol-NeRF models a
function fϕ(X, t, d) → (c, σ,m) through four spe-
cialized MLP networks: flow MLP Ef , geometry
MLP Eg , color MLP Ec, and mask MLP Em. This
function maps the spatial coordinates X ∈ R3, the
temporal parameter t ∈ R and the view direction
d to the corresponding color c ∈ R3, volume den-
sity σ ∈ R, and volumetric mask m ∈ R, which
are essential for volume rendering and reconstruc-
tion. The function f , parameterized by ϕ, is typi-
cally represented by a set of MLPs.

Specifically, flow MLP is used to capture the dy-
namics of the scene in the time dimension, geom-
etry MLP is used to model the geometric structure
accurately, color MLP is responsible for predicting
the color information of the scene, and the mask
MLP decodes semantic mask values for volumet-
ric segmentation. As shown in Figure 2, consider-
ing the dependency of semantic prediction on reli-
able scene geometry, in the soft tissue reconstruc-
tion module, we conduct the first-stage training:
the mask MLP is entirely frozen, and flow MLP
(Ef ), geometry MLP (Eg) and color MLP (Ec) are
trained to reconstruct view-consistent density and
color fields.

To render an image, each pixel is projected into
3D space through ray tracing. A camera ray, de-
noted as r(t) = o + ω′ � d � t, originates from the
camera’s position o and travels in the direction d.
The radiance along this ray is accumulated by the
volume rendering equation (1) to produce the pixel
value C(r):

C(r) =

∫ tf

tn

T (t)σ(p(r(t)))c(p(r(t)), d)dt, (1)

where T (t) represents the transmittance from the
nearest point tn to the farthest point tf , incorporat-
ing valid sampling points constrained by the tissue
mask. p(r(t)) is the 3D point on the camera ray
r(t) transformed to the canonical space using MLP
network.

During the first stage of network training,
PolypVol-NeRF used the loss function (Lm) to op-
timize the learning of the representation of the vol-
ume rendering, ensuring that it is geometrically
well structured, feature tight, and color consistent.
After optimization of the network training, a dy-
namic implicit field with a complete representation
of the 3D scene is obtained.

3.2. Multi-view Mask Generation

Automated polyp segmentation remains chal-
lenging due to the complex appearance and vari-
ability of endoscopic images. Many task-specific
deep learning models suffer from limited gener-
alization across datasets and imaging conditions.
MedSAM is a base model designed for medical im-
age segmentation. It fine-tuned SAM and specif-
ically optimised on a large-scale medical image



dataset of 1,090,486 medical image-mask pairs.
The dataset covers 15 imaging modalities and over
30 lesion types to accommodate the specific fea-
tures and segmentation needs of medical images.
Compared with standard polyp segmentation mod-
els, MedSAM can meet or even exceed human ex-
perts in various medical image segmentation tasks.
However, MedSAM requires manual bounding-box
input prompts to achieve accurate segmentation and
cannot fully automate polyp detection and segmen-
tation.

Achieving accurate 2D polyp segmentation is a
fundamental prerequisite, directly influencing the
quality of the reconstructed volumetric mask. To
automatically and accurately segment polyps in en-
doscopic images, we propose the multi-view self-
prompt mechanism. This mechanism enhances the
automation capability of MedSAM in polyp seg-
mentation tasks by combining YOLOv8, thereby
improving segmentation accuracy and adaptability.
YOLOv8 is capable of quickly and accurately de-
tecting and localising objects within images, while
MedSAM has an advantage in segmenting med-
ical soft tissues, diseased areas and tissue struc-
tures with high accuracy. The combination of
YOLOv8 with MedSAM provides a strong synergy,
enabling powerful polyp segmentation. Figure 3
shows the detailed pipeline of the multi-view self-
prompt mechanism.

Figure 3: Overall pipeline of the multi-view self-
prompt mechanism.

The original YOLOv8 model, trained on natural
image datasets, does not generalize well to endo-
scopic images. To improve its applicability, we re-
trained YOLOv8 using a task-specific dataset that
we constructed for this purpose. We collected 6814
polyp image-mask pairs from the publicly available
medical imaging open-source datasets BKAI-IGH
NeoPolyp [19], CVC-EndoSceneStill [26], ETIS-
LaribPolypDB [24], Kvasir-SEG dataset [10],
PolypGen [2] related to gastrointestinal polyps.
These image pairs are not directly usable for sub-
sequent polyp detection tasks. To quickly con-
vert 2D Mask information into structured target de-
tection labels. We use the contour-based extrac-
tion method to obtain the bounding box of polyps
from the collected polyp Masks to realise the con-
version from image-mask to image-bounding box.
Given image-mask pairs, connected polyp regions
Ωi are first extracted from the binary mask. For
each Ωi, an axis-aligned bounding box Bi is gener-
ated as Bi = (minx,min y,maxx,max y), where
(x, y) ∈ Ωi denotes pixel coordinates within the
polyp region. Small regions are filtered out to
suppress noisy annotations. The resulting image-
bounding box pairs are formatted in the PASCAL
VOC standard and used for detector training. Using
this automatically generated dataset, YOLOv8 is
retrained while keeping the original network archi-
tecture unchanged. By using the trained YOLOv8
for forward inference, bounding boxes for polyp
images from any angle can be efficiently obtained.
Pre-trained on medical image datasets, MedSAM
can accurately predict polyp masks given precise
manual bounding-box prompts. Leveraging these
complementary strengths, we replace the manual
bounding-box prompts with YOLOv8-predicted
boxes and feed them, together with the rendered
views, directly into MedSAM. This design enables
fast and accurate polyp segmentation results (i.e.,
Reference Mask).

3.3. 2D-to-3D Segmentation

Obtaining high-quality 3D semantic supervision
remains difficult in medical imaging, where volu-
metric annotations are rarely available due to high
annotation costs and anatomical complexity. To



generalise the 2D polyp segmentation advantage to
segment 3D polyps with dynamic implicit fields,
we propose a view-alternating weak supervision
strategy that uses pseudo 2D masks generated in
Section 3.2 as supervisory signals. These masks
are projected back into the 3D space and alter-
nately used to supervise the 3D mask MLP from
different viewpoints, enforcing cross-view consis-
tency. This strategy enables the model to transform
sparse, view-specific 2D segmentation into a uni-
fied, spatially consistent 3D semantic volume.

Figure 4: Acquisition process of the dynamic 3D
Mask implicit field.

We conducted the second training stage of
PolypVol-NeRF to generate a coherent dynamic 3D
Mask implicit field. The dynamic 3D Mask im-
plicit field acquisition process is shown in Figure
4. This design aims to obtain 3D polyp Mask of
the neural radiance field. 3D Mask can identify and
separate voxel data of polyp areas. Only the vox-
els or areas identified by the 3D Mask will be con-
sidered in the light projection. The final generated
3D scene will only contain the target object, while
other parts will be excluded or made transparent,
thus achieving segmentation of 3D polyps. In this
stage, we freeze the flow MLP Ef , geometry MLP
Eg and color MLP Ec when training Em. Feed
the high-dimensional feature H into Em to obtain
the Rendered Mask. Then, the Mask Loss LM is
built based on the Rendered Mask and the 2D Ref-
erence Mask (GT) outputted by MedSAM, so that
the inverse rendering is performed alternately be-
tween the training views to iteratively complete the
dynamic 3D Mask implicit field training of the tar-
get scene. The Mask loss function LM is formu-
lated as follows:

LM =
1

NS

NS∑
i=1

∥M(p, t)−Mgt(p, t)∥22 (2)

where M(p, t) is the value of the Mask pixel pre-
dicted by Em and Mgt(p, t) represents the value of
the Rendered Mask pixel.

4. Experiments and Results

4.1. Implementation Details

The experiments were performed in the follow-
ing computing environment: Windows 10, CPU In-
tel(R) Xeon(R) E5-2620, CUDA 10.2, Python 3.7,
PyTorch 1.5.0, and GPU Nvidia Titan Xp. In our
implementation, we trained our model using the
Adam optimizer, and set the iteration number to
200K. The batch size of rays was set to 512, and
each sampled 64 times along the ray.

This study selected 8 different scenes from the
publicly available gastrointestinal medical image
datasets, the Gastrolab Image Gallery [1], for quali-
tative and quantitative analysis. Each scene has the
characteristics of occlusion of invalid regions and
dynamic changes in soft tissue. All scenes con-
tain 21-65 sequential frame images of size 720 *
576 or 640 * 480. We followed the community
standard [17] and held out every 8th image in each
scene as a test set for novel view synthesis.

4.2. Qualitative Evaluation

Existing medical 3D segmentation methods can-
not be directly applied to 3D lesion segmentation
from 2D endoscopic images. Given this limitation,
we selected ISRF [8], SA3D [5], and SAGA [4] as
comparison baselines, as they represent the clos-
est available methods capable of producing 3D
segmentation results in endoscopic scenes from
monocular RGB image. Although these methods
were originally proposed for general scenes, they
provide a challenging and meaningful reference for
evaluating 3D segmentation performance. Figure
5 qualitatively compares the segmentation results
of the proposed method with those of competing
approaches on test Scenes A-D. ISRF produces ir-
regular and scattered regions in Scenes A and C,



Figure 5: Visual comparison with different 3D segmentation methods for endoscopic images of Scenes A-D.

which deviate significantly from the true lesion ar-
eas. SAGA fails to segment any regions in Scenes
A and D, and in Scenes B and C it incorrectly labels
non-lesion areas as polyps. SA3D performs better
than SAGA but still produces inaccurate segmen-
tations and visible artifacts on the reconstructed
polyp surfaces. In contrast, the proposed method
achieves accurate polyp segmentation while main-

taining high-quality scene reconstruction. Overall,
our results are the closest to the reference images.

To verify the accuracy of the multi-view self-
prompt mechanism proposed in this article for
polyp segmentation in endoscopic images, we com-
pared the proposed model with five state-of-the-art
polyp segmentation models: ACSNet [32], DCR-
Net [30], Polyp-PVT [6], NPD-Net [31], and Med-

Figure 6: Visual comparison with different polyp segmentation models of the testing set.



SAM [15]. Following the experimental setups
in NPD-Net, we selected five challenging public
datasets, namely Kvasir SEG [10], ClinicDB [3],
ColonDB [25], Endoscene [26] and ETIS [24] to
train and test these polyp segmentation models.
Figure 6 presents a comparison of the visual ef-
fect of different polyp segmentation methods on
a diverse set of challenging endoscopic images.
These examples cover a wide range of imaging con-
ditions and lesion characteristics, including vary-
ing illumination levels, contrast changes, polyp
sizes, boundary clarity, and pathological appear-
ances. ACSNet performs poorly on small objects
and is sensitive to lighting variations, often lead-
ing to over-segmentation or under-segmentation.
DCRNet produces imprecise boundaries and tends
to over-segment, particularly under poor illumina-
tion or for small polyps. Polyp-PVT and NPD-
Net both struggle to capture fine-grained details
and face challenges in recognizing target regions
with ambiguous boundaries. MedSAM’s automatic
segmentation mode produces large erroneous back-
ground regions and suffers from missed segmenta-
tion, indicating limited ability to focus on local fea-
tures in endoscopic images. In contrast, our method
robustly segments polyps under complex lighting
conditions, performs consistently across different
polyp sizes, and achieves high contour overlap even
in regions with blurred boundaries. These results
suggest that the effective integration of YOLOv8
and MedSAM enables the proposed multi-view
self-prompt mechanism to maintain strong robust-
ness and good generalization performance across a
wide range of endoscopic imaging conditions.

To validate the scene reconstruction capability
of the proposed PolypVol-NeRF, we compare it
with the representative 3D reconstruction method
EndoNeRF [28] on a binocular endoscopic scene.
EndoNeRF relies on binocular image pairs and
depth prediction, whereas our method takes only
a single-view input from the same binocular se-
quence for a fair comparison. The visual results are
shown in Figure 7. Compared with EndoNeRF, our
method better preserves continuous and anatomi-
cally plausible vascular-like patterns on the mu-
cosal surface, demonstrating a stronger ability to

model fine-grained appearance variations and high-
frequency textures. Moreover, in regions affected
by surgical instrument occlusions, our method re-
constructs more coherent and visually consistent
structures, indicating improved robustness to oc-
clusions and incomplete observations. These ad-
vantages provide a more reliable basis for subse-
quent 3D lesion segmentation.

Figure 7: Visual comparison with state-of-the-art
3D reconstruction method for endoscopic images.

4.3. Quantitative Evaluation

We evaluate the proposed automatic 3D polyp
segmentation method using three standard met-
rics: mIoU (mean Intersection over Union) [11],
pixel-wise mACC (mean Accuracy) [29], and mDic
(mean Dice score) [16]. Table 1 reports the
quantitative comparison with ISRF, SA3D, and
SAGA across all test scenes. As shown in Ta-
ble 1, ISRF exhibits the poorest performance, re-
flecting its limited capability in segmenting polyp
regions in endoscopic scenes. SA3D performs
slightly better than SAGA, which is consistent with
the qualitative results, but still falls behind our
method, particularly in mIoU and mDice. Over-
all, the proposed method consistently outperforms
all competing approaches across multiple metrics
and scenes. Compared with the best-performing
baseline, our method achieves improvements of
81.24% in mIoU, 8.92% in mACC, and 33.40% in
mDice, demonstrating significant improvements in
segmentation accuracy, overall accuracy, and sim-
ilarity. These results indicate that our method de-
livers robust and scalable 3D polyp segmentation
performance under diverse endoscopic conditions.

To evaluate the robustness and generalization
capability of the proposed multi-view self-prompt
mechanism under diverse clinical polyp appear-



Table 1: Quantitative results on Scenes A-H.

Metrics mIou(%)↑ mACC(%)↑ mDic(%)↑

Scenes ISRF SA3D SAGA Ours ISRF SA3D SAGA Ours ISRF SA3D SAGA Ours
Scene A 11.83 45.51 40.89 90.79 87.39 92.46 93.55 98.91 21.12 56.83 54.02 95.12
Scene B 0 46.75 39.45 89.31 72.32 75.37 80.90 96.70 0 63.60 81.96 94.32
Scene C 5.70 70.16 35.66 87.54 75.99 96.60 87.39 98.79 10.78 81.33 51.75 92.60
Scene D 0 53.61 4.54 81.52 94.29 96.13 93.52 95.33 0 69.05 8.70 89.80
Scene E 0 70.63 71.77 92.71 75.87 92.77 93.14 99.55 0 82.67 83.55 96.20
Scene F 0 71.45 56.78 93.87 80.42 91.91 83.04 98.76 0 83.13 69.84 96.83
Scene G 0 55.64 58.17 82.83 78.29 82.11 88.70 95.86 0 71.00 72.70 90.57
Scene H 0 35.01 80.73 84.62 87.21 71.57 93.32 97.68 0 50.87 89.00 91.53

Mean 2.19 56.10 48.50 87.90 81.47 87.37 89.70 97.70 3.99 69.81 63.94 93.12

ances and imaging conditions, we conducted a
quantitative comparison with five representative 2D
polyp segmentation methods. Following common
practice, we report six widely used evaluation met-
rics, including mDic, mIoU, mean absolute er-
ror (MAE), weighted F-measure (Fω

β ), S-measure
(sα), and E-measure (Eξ). For each method, the
average performance across all test datasets is re-
ported in Table 2. As shown in Table 2, the original
MedSAM consistently under performs compared to
other approaches across all metrics. This perfor-
mance degradation is mainly attributed to the diffi-
culty of accurately localizing polyps using generic
prompts. In contrast, the proposed multi-view
self-prompt mechanism achieves the best perfor-
mance across all six metrics, significantly outper-
forming both MedSAM and other state-of-the-art
polyp segmentation methods. This shows that the
proposed multi-view self-prompt mechanism gen-
eralizes well across diverse clinical polyp appear-
ances and imaging conditions. Moreover, the sub-
stantial performance improvement over standalone
MedSAM suggests that YOLOv6 maintains strong

detection generalization across diverse endoscopic
scenes, while MedSAM preserves robust segmen-
tation generalization, enabling reliable lesion local-
ization and mask prediction in our setting.

4.4. Ablation Study

To evaluate the effectiveness of PolypVol-NeRF
(Sec. 3.1) and the multi-view self-prompt mech-
anism (Sec. 3.2), we conduct ablation studies on
Scenes A and C. Qualitative results are shown in
Figure 8. Here, “w/o Mask MLP” denotes remov-
ing the mask MLP branch from PolypVol-NeRF.
“w/o Self-Prompt, with auto” correspond to using
the original MedSAM in its automatic segmenta-
tion mode. “w/o Self-Prompt, with man” denotes
the use of the original MedSAM in its manual
segmentation mode(bounding-box prompted). In
these two settings, the proposed multi-view self-
prompt mechanism was removed. As shown in Fig-
ure 8, removing the mask MLP (w/o Mask MLP)
preserves appearance reconstruction but yields no
valid 3D segmentation, since semantic fields cannot
be learned without mask supervision. In contrast,

Table 2: Quantitative comparison of different polyp segmentation models on the test set.

Methods mDic ↑ mIoU ↑ Fω
β ↑ sα ↑ Eξ ↑ MAE ↓

ACSNet 0.8184 0.7492 0.7910 0.8844 0.9034 0.0294
DCRNet 0.7954 0.7330 0.7766 0.8742 0.8924 0.0342

Polyp-PVT 0.8698 0.8038 0.8552 0.9090 0.9466 0.0160
NPD-Net 0.7982 0.7436 0.7892 0.8754 0.8904 0.0180
MedSAM 0.1454 0.0898 0.0920 0.1788 0.1718 0.7514

Our 0.8758 0.8150 0.8812 0.9132 0.9492 0.0156



the improved MedSAM with the proposed multi-
view self-prompt mechanism achieves consistently
better 3D segmentation than both the automatic and
manual MedSAM. The automatic mode produces
the weakest results, while the manual mode suffers
from user-dependent variability and imprecise ROI
localization. These results indicate that 2D mask
quality directly affects downstream 3D segmenta-
tion, and confirm that the proposed self-prompt
mechanism improves segmentation accuracy and
consistency by providing more reliable 2D pseudo-
masks.

Figure 8: Ablation experiment results on the multi-
view self-prompt mechanism. w/o means without.

The quantitative results of the ablation experi-
ments are presented in Table 3, with mIoU, pixel-
wise mACC, and mDic used as evaluation metrics.
When the mask MLP was removed, the perfor-
mance dropped substantially across all metrics. Us-
ing the MedSAM without the proposed multi-view
self-prompt mechanism and operating in the auto-
matic segmentation mode leads to a noticeable per-
formance drop, as this mode produces low-quality
polyp masks that are insufficient to effectively

guide the learning of 3D segmentation masks. The
manual segmentation mode of MedSAM led to
moderately improved scores compared to the re-
moval of mask MLP alone, yet still lagged behind
the full model. Overall, these results validate that
both modules are complementary: mask MLP en-
hances semantic encoding, while self-prompt fur-
ther improves the spatial structure of the segmenta-
tion.

4.5. User study

We conducted a user study involving 10 partic-
ipants, including experienced clinicians and senior
students with formal training in endoscopy. The
participants represented diverse genders and levels
of professional experience. The results of ISRF,
SA3D, SAGA, and the proposed method were eval-
uated on 3 randomly selected test images. Each
evaluation session lasted at least 20 minutes and
was conducted in a quiet and comfortable environ-
ment. Participants rated each method using a Likert
scale based on segmentation accuracy, visual qual-
ity of the segmented polyps, and clinical applicabil-
ity. A total of 10 valid feedback ratings were col-
lected. In addition, we also received their opinions
and suggestions on some open-ended questions.

Figure 9 shows the average scores of different
participants considering different aspects on differ-
ent test images. ISRF consistently received the
lowest scores (around 1.8) in all categories, in-
dicating its limited suitability for endoscopic im-
age analysis. In contrast, our method achieved
the highest scores in segmentation accuracy and
visual quality, demonstrating its superior perfor-
mance. Participants also rated our method highest
in clinical applicability, noting that the generated
3D segmentation results are clear, interpretable,

Table 3: Objective index results of the ablation experiment on Scenes A and C. Values reported in %.

Setting w/o Mask MLP w/o Self-Prompt, with auto w/o Self-Prompt, with man Ours

Scene A
mIoU ↑ 11.02 0.00 83.55 90.79
mACC ↑ 11.02 80.74 97.97 98.91
mDic ↑ 19.85 0.00 91.03 95.12

Scene C
mIoU ↑ 6.52 0.00 53.69 87.54
mACC ↑ 6.52 83.63 94.68 98.79
mDic ↑ 12.25 0.00 69.80 92.60



Figure 9: Results of user study.

and beneficial for improving diagnostic accuracy
and procedural efficiency. Several clinicians further
feedbacked that, although the proposed two-stage
pipeline incurs additional computational cost, its
offline processing design makes it suited for clin-
ical scenarios such as preoperative planning, retro-
spective diagnosis, and surgical training, where re-
construction fidelity and structural accuracy are pri-
oritized over real-time performance. Some partici-
pants also suggested that closer collaboration with
clinicians could further enhance usability, for ex-
ample through more intuitive user interface design.

5. Discussion

5.1. Discussion on Joint Optimization

A natural question is whether the appearance,
geometry, and lesion segmentation can be jointly
optimized in an end-to-end manner. While such
joint optimization has shown promise in scenarios
where reliable 3D supervision is available, it is not
well suited to monocular endoscopic settings.

Unlike conventional 3D reconstruction, endo-
scopic data are limited to monocular image se-
quences, and reliable 3D lesion annotations are im-
practical to obtain. Without accurate 3D supervi-
sion, joint optimization of geometry and segmen-
tation from the outset can tightly couple inaccu-
rate geometry with noisy 2D pseudo-masks, lead-
ing to unstable training and degraded reconstruc-
tion quality. To address this challenge, we adopt a
two-stage optimization strategy. In the first stage,

the model focuses exclusively on learning a geo-
metrically consistent 3D representation of the en-
doscopic scene from monocular images, supervised
only by photometric consistency between rendered
views and the input images. This stage establishes
a stable and coherent geometry that serves as a pre-
requisite for reliable 3D segmentation. In the sec-
ond stage, 2D lesion masks extracted from NeRF-
rendered views are introduced as pseudo ground
truth to guide the transformation from 2D segmen-
tation to 3D lesion labeling.

This decoupled design enables reliable geome-
try reconstruction before introducing segmentation
supervision, preventing noisy or inconsistent 2D
masks from corrupting the 3D representation. In
contrast, fully joint optimization of appearance, ge-
ometry, and mask would require accurate 3D su-
pervision or strong multi-view constraints, which
are unavailable in monocular endoscopic settings.
Our experiments further show that 2D segmenta-
tion quality directly affects 3D performance, under-
scoring the need to first establish a robust geometric
foundation.

5.2. Limitations and Future Work

One limitation of the proposed framework is
its reliance on a two-stage pipeline with multiple
submodules, which introduces additional compu-
tational complexity and training overhead. How-
ever, this design enables accurate 3D lesion seg-
mentation that is difficult to achieve with real-time
or single-stage approaches, particularly in endo-
scopic scenarios where explicit 3D supervision is
unavailable. Future work will explore more ef-
ficient scene representations and streamlined op-
timization strategies to reduce computational cost
without compromising 3D segmentation accuracy,
thereby improving training efficiency and facilitat-
ing more practical deployment.

6. Conclusion

We presented a novel framework for 3D polyp
segmentation that integrates three key components:
soft tissue reconstruction, multi-view mask gener-
ation, and 2D-to-3D segmentation. These modules
are designed to jointly capture appearance, geom-



etry, and semantics in a unified 3D representation.
The training process is divided into two stages. In
the first stage, the model learns to reconstruct the
surgical scene from monocular endoscopic images,
leveraging appearance and geometry cues via a ra-
diance field representation. In the second stage,
the mask MLP is optimized to infer volumetric
segmentation masks using sparse 2D mask super-
vision. Experiments show our method achieves
more accurate 3D segmentation results than state-
of-the-art 3D segmentation methods, helping doc-
tors quickly and clearly observe the lesion site.
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