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Institut de Robòtica i Informàtica Industrial, CSIC-UPC, Barcelona, Spain

Editors: Accepted for publication at MIDL 2026

Abstract

Endoscopy is an essential procedure in medical imaging, routinely applied for diagnostic,
prognostic and therapeutic purposes. Developing robust methods for 3D reconstruction
of endoscopic videos has the potential to improve the visualization of complex anatomies,
increase diagnostic accuracy, and guide surgical procedures. Despite recent advancements
the task remains highly challenging. The deformable nature of soft tissues makes classical
computer-vision algorithms useless, and additional difficulties arise from the widespread use
of monocular cameras, unknown camera parameters, occlusions, illumination changes, mo-
tion blur and other artifacts. In this work, we present Endo-4DTS, a novel self-supervised
pipeline based on triangle splatting for 4D scene synthesis of deformable endoscopy scenes
from monocular videos with a static camera, the first time this type of solution is proposed
to endoscopic images and in time-varying tissues. Our approach represents the endoscopic
environment with a canonical set of triangles, optimized jointly with a deformation network,
enabling consistent 4D synthesis of dynamic tissues. We incorporate additional geomet-
ric and depth-based objectives that further guide learning in the challenging context of
deformable endoscopic scenes. Experiments on several endoscopic videos with non-rigid
tissues, occlusions and illumination changes, show that Endo-4DTS reliably captures soft-
tissue deformations in endoscopic scenes. We demonstrate that Endo-4DTS consistently
outperforms previous state-of-the-art methods across multiple metrics.
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1. Introduction

Endoscopy has become an essential medical imaging modality for examining the human
body across a wide range of interventions, for diagnostic, prognostic and therapeutic pur-
poses. Despite the existence of stereo and RGB-D cameras that provide additional depth
information, their larger size requires bigger incisions and limits clinical applicability. As
a result, monocular cameras, with their compact design and versatility, remain the most
widely used in endoscopic devices today (Edwards et al., 2022; Boese et al., 2022). The
wide variety of possible endoscopic interventions–such as colonoscopies, bronchoscopies or
arthroscopies– presents a major challenge for recovering 3D information from visual cues, as
the models must be able to adapt to significant changes in anatomy, appearance, illumina-
tion, camera motion and tissue deformation. As a result, there is a strong need for generic,
robust models capable of interpreting visual endoscopic data across different anatomies and
deformation patterns. These would benefit both patients and clinicians by enabling 3D vi-
sualization of anatomical structures, facilitating the assessment of regions that are difficult
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to inspect due to restricted viewpoints, and allowing patient-speci�c reconstructions to be
revisited during follow-up examinations to monitor disease progression.

However, recovering 3D information from monocular videos is fundamentally challeng-
ing. Classical methods{including rigid and non-rigid Structure-from-Motion (SfM) (Agar-
wal et al., 2009; Sch•onberger and Frahm, 2016; Agudo et al., 2016; Agudo, 2020; G�omez-
Rodr��guez et al., 2022), shape-from-template (Lamarca et al., 2021), shape-from-shading
(Rodr��guez-Puigvert et al., 2023), photometric stereo (Collins and Bartoli, 2012), and su-
pervised approaches (Rau et al., 2023){typically depend on explicit correspondences or
strong priors on motion and deformation to solve the problem. These assumptions are
rarely satis�ed in endoscopies, where biological tissues su�er non-rigid deformations, mak-
ing 3D reconstruction inherently ill-posed. Moreover, endoscopic videos introduce addi-
tional challenges that can decrease the robustness of the shape and camera estimations of
traditional algorithms, such as specular highlights caused by the light source, abrupt cam-
era movements, limited and highly constrained viewpoints, occlusions from tools or 
uid,
low-texture regions, motion blur, illumination changes, etc.

Recent advances in neural rendering have greatly improved 3D reconstruction under
challenging imaging conditions. Neural Radiance Fields (NeRF) (Mildenhall et al., 2020)
introduced a powerful implicit representation that enables high-quality novel-view synthe-
sis through di�erentiable volume rendering. Despite numerous extensions for pose estima-
tion (Jeong et al., 2021; Wen et al., 2023), acceleration (M•uller et al., 2022; Fridovich-Keil
et al., 2022), and dynamic scenes (Pumarola et al., 2021; Park et al., 2021; de Paco and
Agudo, 2024), NeRF remains limited by its reliance on accurate camera poses, heavy com-
putation times, and di�culty handling uncontrolled lighting and non-rigid motion. Early
adaptations to endoscopy settings such as EndoNeRF (Wang et al., 2022) and follow-up
variants (Zha et al., 2023; Yang et al., 2023a, 2024a; Salort-Benejam and Agudo, 2026)
assume �xed cameras and depend on stereo or auxiliary depth cues to solve the 3D re-
construction problem on deformable scenes, limiting their applicability to many endoscopy
procedures where such information is not available.

The recent emergence of 3D Gaussian Splatting (3DGS) (Kerbl et al., 2023) o�ers a
more e�cient explicit representation of the scene through a set of learnable anisotropic 3D
Gaussians, enabling real-time rendering with signi�cantly faster optimization. However,
its formulation assumes rigid scenes and requires SfM camera calibration and point-cloud
for initialization, which would be unfeasible in endoscopy settings as this classical method
fails when faced with non-rigid scenes. Several works have extended the original work for
deformable environments (Luiten et al., 2024; Li et al., 2024; Yang et al., 2023b; Lin et al.,
2024; Zhu et al., 2024b; Bae et al., 2024), typically by using a neural network to model
deformations. Others have adapted them to endoscopy (Liu et al., 2024; Huang et al.,
2024; Zhu et al., 2024a; Xie et al., 2024; Yang et al., 2024b), however they still rely on
rigid-camera assumptions, SfM, or external depth estimation. Meanwhile, works on camera
estimation for endoscopy (Bonilla et al., 2024; Wang et al., 2024) do not explicitly model
tissue deformation.

One of the latest works on 3D scene reconstruction and di�erentiable rendering is tri-
angle splatting (Held et al., 2026), that proposes using triangles as primitives for e�cient
high-quality scene representation. By using a set of unstructured disconnected triangles
this approach leverages the latest advancements in computer graphics for GPU-accelerated
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triangle processing and incorporates it in a fully-di�erentiable pipeline. This approach has
shown remarkable results in visual �delity, training and rendering speed as well as high-
quality novel view synthesis, but it is only intended for rigid scenes with known camera
parameters, usually calibrated with SfM, and also requires the resulting sparse point cloud
for initialization.

In this work we propose Endo-4DTS to extend the triangle splatting approach to de-
formable scenes, specially for endoscopic procedures, without relying on additional priors
such as known camera calibration, pre-computed templates or feature-based approaches for
initialization. To the best of our knowledge, this work is the �rst to adapt the triangle
splatting-based approach to deformable scenes, and the �rst to apply it to endoscopies.

2. Method

Our work builds on triangle splatting (Held et al., 2026), which represents a 3D scene us-
ing learnable triangle primitives, similar to 3DGS (Kerbl et al., 2023) but replacing the
Gaussians with triangles. Each triangle is de�ned by three vertices vi 2 R3, a color c rep-
resented with Spherical Harmonics, a smoothness parameter �, and an opacity o. Triangles
are initialized from a sparse point cloud obtained via SfM and re�ned through adaptive
densi�cation and pruning strategy as in (Kheradmand et al., 2024).

Triangle splatting (Held et al., 2026) �rst projects the 3D triangles to the image plane
and then computes the �nal pixel values with point-based rendering, making it less com-
putationally demanding than NeRF-based approaches. This projection of the 3D triangles
to image space is done using a standard pinhole camera modelp i = K(R camv i + t cam ),
where p i 2 R3 is the homogeneous coordinate in image space of the projected triangle ver-
tex v i 2 R3, p i 2 R2 is the same pixel coordinate in Euclidean space, K is a 3�3 known
intrinsic camera matrix, and R cam and t cam are the rotation and translation, respectively,
that de�ne the camera pose. The projected triangles are then sorted by distance to the
camera and the color � for each pixel p is obtained by accumulating the contribution of
each overlapping triangle, as de�ned by the rendering equation in previous works (Kerbl
et al., 2023; Held et al., 2025):

�(p) =
NTX

n=1

cnonW(p)
n�1Y

j=1

�
1 � o j W(p)

�
; (1)

where NT is the total number of triangles, cn is the learned color of the n-th triangle, and
W(p) is a window function that smoothly in
uences the contribution of each projected
triangle based on the distance from the triangle's incenter sinc 2 R2, that is de�ned as:

W(p) = ReLu
�

�(p)
�(s inc )

� �

: (2)

Here, the learnable parameter � > 0 controls the sharpness of the window function
over �{the Signed Distance Field (SDF) of the triangle in image space. Smaller values of
� produce sharper boundary transitions while larger values result in smoother transitions
from the triangle boundary towards the incenter sinc , where W(p) attains its maximum
value. The SDF is expressed as:
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