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From Geometric Initialization to Gaussian

Refinement: A Depth-Prior-Guided Framework for

Monocular Endoscopic 3D Gaussian

Reconstruction

Abstract

Monocular endoscopic 3D reconstruction is fundamental to computer-assisted
minimally invasive surgery. Recent 3D Gaussian Splatting (3DGS)-based meth-
ods enable efficient reconstruction, but their performance strongly depends on
the initial geometry, which is commonly obtained through Structure-from-Motion
(SfM). In endoscopic scenes, weak textures, specular reflections, and tissue
deformation limit stable feature correspondences, often resulting in sparse or
incomplete SfM point clouds for Gaussian initialization. Depth back-projection
provides an alternative means of constructing dense initial geometry, but esti-
mates from a single depth model may introduce model-specific biases that
propagate through subsequent optimization. To alleviate this issue, we propose
a collaborative expert depth-guided Gaussian reconstruction framework that
improves Gaussian reconstruction from both initialization and refinement per-
spectives. Specifically, Multi-Model Depth Fusion Initialization robustly fuses
depth predictions from multiple models to guide dense Gaussian initialization.
During subsequent optimization, Tri-Domain Pyramid Regularization augments
spatial-domain supervision with multi-scale pyramid constraints in the wavelet
and gradient domains to refine the initialized Gaussian representation. Extensive
experiments on two real surgical datasets, SCARED and EndoNeRF, demon-
strate that MDGGR achieves state-of-the-art reconstruction quality, with PSNR
improvements of 4.4% and 7.8% and LPIPS reductions of 35.7% and 59.2%
over prior methods, respectively, particularly in terms of rendering fidelity and
fine-grained detail reconstruction.

Keywords: 3D reconstruction, 3D Gaussian Splatting, Collaborative expert depth
fusion, Tri-domain pyramid regularization

1 Introduction

Monocular endoscopic 3D reconstruction is fundamental to computer-assisted min-
imally invasive surgery, supporting intraoperative navigation, surgical scene under-
standing, and simulation-based training (Brandao et al. 2021; Li et al. 2020; Marcus
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et al. 2014). However, weak textures, specular reflections, occlusions, and tissue
deformation make stable inter-frame correspondences difficult to establish, degrading
camera estimation and geometric reconstruction (Ozyoruk et al. 2021; Shao et al. 2021,
2022). Early approaches mainly relied on feature-based geometric reconstruction and
SLAM pipelines, whose performance remained sensitive to correspondence errors and
non-rigid scene dynamics (Chen et al. 2018; Liu et al. 2020, 2022; Zhou and Jagadeesan
2019; Zhou and Jayender 2021). NeRF-based methods subsequently improved contin-
uous scene modeling and novel-view synthesis, yet their volumetric rendering requires
prolonged optimization (Mildenhall et al. 2021; Wang et al. 2022; Zha et al. 2023).
More recently, 3D Gaussian Splatting (3DGS) (Kerbl et al. 2023; Peng et al. 2026) has
emerged as an explicit scene representation with substantially lower rendering cost
than volumetric neural representations, while relying on an explicit set of Gaussian
primitives whose initial geometry affects subsequent reconstruction.

Despite this advantage, the reconstruction quality of 3DGS is closely coupled
with the accuracy and completeness of its initial Gaussian geometry. Standard 3DGS
pipelines typically initialize Gaussian primitives from Structure-from-Motion (SfM)
point clouds, which can become sparse or incomplete in endoscopic videos due to the
limited availability of stable inter-frame correspondences. Learning-based monocular
depth estimation provides an alternative source of dense geometric information (Bhat
et al. 2022; Cui et al. 2024; Shao et al. 2021; Zhou et al. 2026), and recent endo-
scopic methods have further explored learned depth or dense geometric predictions as
scene priors (Sheikh Zeinoddin et al. 2024, 2025). By back-projecting predicted depth
maps into three-dimensional space, dense point sets can be constructed for Gaussian
initialization.

However, monocular depth estimators trained with different data, supervision
strategies, and architectures can exhibit model-specific deviations in scale, local struc-
ture, and boundary localization (Bhat et al. 2022; Cui et al. 2024; Shao et al. 2021;
Sheikh Zeinoddin et al. 2024, 2025). When a prediction from a single estimator is
back-projected, these deviations may translate into geometric discrepancies in the ini-
tial point positions and Gaussian centers, where they can persist or propagate during
subsequent optimization (Kerbl et al. 2023; Liu et al. 2024). The distinct predic-
tion characteristics of different estimators therefore provide complementary geometric
information, motivating multi-model depth fusion for Gaussian initialization.

While improved initialization provides a better geometric starting point, the sub-
sequent Gaussian optimization still requires effective supervision. Recent studies have
extended Gaussian-based endoscopic reconstruction toward efficient optimization (Liu
et al. 2024), deformable tissue modeling and 4D representation (Huang et al. 2024;
Zhu et al. 2024), and sequential reconstruction (Zhang et al. 2026). Despite these
advances in representation and modeling capability, their reconstruction objectives
are still primarily formulated in the spatial domain, using photometric and depth
supervision together with deformation, smoothness, or surface regularization (Huang
et al. 2024; Liu et al. 2024; Zhu et al. 2024). Although effective for overall appearance
and geometry reconstruction, these objectives do not explicitly constrain localized
high-frequency discrepancies or structural boundaries. This limitation is particularly
relevant in endoscopic scenes, where weak texture and tissue deformation increase the
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ambiguity of pixel-wise supervision (Ozyoruk et al. 2021; Shao et al. 2021; Stoyanov
2012), while specular reflections and illumination variation disturb local appearance
and edge reconstruction (Bidokh and Hassanpour 2023; Song et al. 2022). We therefore
introduce a tri-domain pyramid regularization strategy that combines spatial-domain
supervision with multi-scale wavelet- and gradient-domain constraints to improve local
structural and high-frequency consistency during Gaussian refinement.

EndoGaussian Ours

PSNR = 39.56

LPIPS = 0.045

PSNR = 31.49

LPIPS = 0.063

PSNR = 42.52

LPIPS = 0.014

PSNR = 32.83

LPIPS = 0.046

(a) Local reconstruction comparison with EndoGaussian (b) Benchmark results of ours and previous SOTAs

Reference

Fig. 1 Visual comparison and benchmark results on the EndoNeRF dataset. (a) Representative
reconstruction comparison between EndoGaussian and our method. (b) PSNR–LPIPS comparison
with existing methods.

In this work, we propose a depth-prior-guided Gaussian reconstruction frame-
work. Collaborative Expert Depth Fusion first constructs a fused depth prior by
aligning predictions from multiple depth experts through scale-shift fitting and inte-
grating the aligned predictions through residual-dependent weighting. The fused prior
is then back-projected through Depth-Guided Gaussian Initialization to establish
a dense Gaussian representation. Tri-Domain Pyramid Regularization subsequently
imposes complementary spatial-domain, wavelet-domain, and gradient-domain con-
straints during Gaussian refinement. Together, Collaborative Expert Depth Fusion
and Tri-Domain Pyramid Regularization improve reconstruction at complementary
phases: the former provides the fused depth prior used to establish the initial geometry,
while the latter constrains its subsequent refinement. Fig. 1 provides an intuitive com-
parison of the reconstruction quality achieved by the proposed method and existing
approaches.

The main contributions of this work are summarized as follows:

• We propose Collaborative Expert Depth Fusion, which aligns predictions from mul-
tiple depth experts through scale-shift fitting and robustly integrates the aligned
predictions to construct a fused depth prior for Gaussian initialization.

• We introduce Tri-Domain Pyramid Regularization, which augments spatial-domain
Gaussian optimization with multi-scale wavelet- and gradient-domain constraints
to preserve anatomical details and suppress localized artifacts.

• Extensive experiments on the SCARED and EndoNeRF datasets demonstrate
that the proposed framework achieves superior reconstruction quality, with
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PSNR/SSIM/LPIPS of 40.497/0.976/0.018 on EndoNeRF and 29.719/0.865/0.089
on SCARED.

2 Related Work

2.1 Traditional and Neural Endoscopic Reconstruction

Endoscopic 3D reconstruction has been widely studied for computer-assisted mini-
mally invasive surgery. Traditional methods mainly rely on geometry-based pipelines,
including Structure-from-Motion, SLAM-based reconstruction, stereo matching, and
multi-view reconstruction (Chen et al. 2018; Grasa et al. 2013; Schonberger and Frahm
2016; Seitz et al. 2006; Zhou and Jagadeesan 2019; Zhou and Jayender 2021). However,
these methods require sufficient and geometrically consistent feature correspondences,
as well as cross-view photometric consistency, which are difficult to maintain in
endoscopic scenes due to weak textures, specular highlights, occlusions, and tissue
deformation (Ozyoruk et al. 2021; Shao et al. 2021; Stoyanov 2012; Zhong et al. 2025).
Neural rendering methods such as NeRF (Mildenhall et al. 2021) and endoscopy-
specific variants including EndoNeRF (Wang et al. 2022) and EndoSurf (Zha et al.
2023) improve reconstruction quality by modeling surgical scenes with continuous
implicit representations. Nevertheless, their volumetric rendering process remains com-
putationally expensive and may still produce over-smoothed anatomical structures.
Endoscopic video restoration studies also show that recovering fine visual details from
degraded endoscopic videos is important for improving downstream perception quality,
which is closely related to the high-frequency artifact suppression problem considered
in this work (Song et al. 2022). In contrast, our method adopts an explicit Gaussian
representation initialized from a collaboratively fused multi-expert depth prior and
refined with multi-domain constraints.

2.2 3D Gaussian Splatting in Endoscopic Reconstruction

3D Gaussian Splatting (3DGS) (Kerbl et al. 2023) provides an efficient alternative
to implicit neural rendering by representing scenes with explicit anisotropic Gaussian
primitives. Recent studies have extended 3DGS to deformable and endoscopic recon-
struction. EndoGaussian (Liu et al. 2024) introduces Gaussian splatting for deformable
endoscopic scenes, while EndoGS (Zhu et al. 2024), Endo-4DGS (Huang et al.
2024), Endo-4DGX (Huang et al. 2025), and SG-3DGS (Zhang et al. 2026) further
improve deformation modeling, surface consistency, illumination robustness, or sequen-
tial reconstruction. Despite these advances, Gaussian-based endoscopic reconstruction
remains sensitive to initialization quality and refinement stability. In monocular set-
tings, sparse SfM initialization often yields incomplete and geometrically inconsistent
point sets, while directly using noisy depth priors may cause geometric distortions or
convergence instability during Gaussian optimization.

In addition to initialization, stable Gaussian refinement also requires effective regu-
larization. Existing Gaussian-based pipelines mainly rely on spatial-domain rendering
supervision, depth consistency, and smoothness constraints (Mahendran and Vedaldi
2015). These constraints preserve overall appearance and suppress local noise, but
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they are often insufficient for preserving sharp anatomical boundaries and suppressing
localized high-frequency artifacts in weakly textured or reflective regions. To improve
refinement stability, our framework augments the original spatial-domain optimization
with wavelet-domain and gradient-domain pyramid constraints, forming Tri-Domain
Pyramid Regularization for more stable and detail-preserving Gaussian refinement.

2.3 Monocular Depth Priors for Endoscopic Reconstruction

Monocular depth estimation provides important geometric guidance for endoscopic
reconstruction. Self-supervised and endoscopy-oriented methods have improved depth
prediction robustness in surgical scenes by exploiting temporal consistency, structural
constraints, domain-specific adaptation (Cui et al. 2024; Sheikh Zeinoddin et al. 2024,
2025) or foundation-model priors (Bhat et al. 2022; Shao et al. 2021, 2026; Zhu et al.
2026). Recent studies have further explored CLIP-guided depth learning, confidence-
guided dual-branch estimation, and multi-scale pyramid-based depth estimation for
endoscopic or laparoscopic scenarios (Chong and Yang 2025; Xiang et al. 2026; Yang
et al. 2024). Despite these advances, depth priors derived from a single model may
still suffer from model-specific bias, local structural inconsistency, and scale-shift mis-
match in textureless, reflective, or occluded regions. Directly using such priors for
Gaussian initialization can therefore introduce unstable geometric support. To reduce
expert-specific deviations in the depth prior, our framework aligns complementary pre-
dictions from multiple depth experts and applies Collaborative Expert Depth Fusion
to construct a more structurally consistent depth prior for Gaussian initialization.

3 Method

3.1 Overall Framework

Collaborative Expert Depth Fusion Differentiable

 renderer

Tri-Domain Pyramid 

Regularization

𝐼
ܯ

Expert A

Expert B

Expert C

Back

projection 𝐼௥ܦ௥

Depth-Guided 

Gaussian Initialization

Sec. 3.2 Sec. 3.3 Sec. 3.4

Tܦ
Fig. 2 Overview of the proposed monocular endoscopic 3D reconstruction framework. The frame-
work consists of two complementary stages: Collaborative Expert Depth Fusion constructs a fused
depth prior from multiple monocular depth experts for dense Gaussian initialization, while Tri-
Domain Pyramid Regularization refines the initialized Gaussian representation through multi-scale
constraints in the spatial, wavelet, and gradient domains.
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The overall pipeline of the proposed framework is illustrated in Fig. 2. Given
a monocular endoscopic image sequence, the framework constructs a Gaussian rep-
resentation through depth-prior-guided initialization and multi-domain-regularized
refinement. Accordingly, the framework contains two proposed components, Collabo-
rative Expert Depth Fusion and Tri-Domain Pyramid Regularization, connected by
depth-guided back-projection for Gaussian initialization.

Collaborative Expert Depth Fusion aligns and integrates predictions from multiple
monocular depth experts to construct a fused depth prior. Depth-Guided Gaussian
Initialization then back-projects this prior into a dense 3D point set used to initialize
the Gaussian primitives instead of the sparse point cloud typically obtained through
SfM. Tri-Domain Pyramid Regularization subsequently augments spatial-domain ren-
dering supervision with multi-scale wavelet- and gradient-domain constraints during
Gaussian refinement. The first two parts construct the initial Gaussian representation,
whereas Tri-Domain Pyramid Regularization constrains its subsequent optimization.

3.2 Collaborative Expert Depth Fusion

Collaborative Expert Depth Fusion constructs a geometrically consistent depth prior
by aligning predictions from multiple monocular depth estimators and suppress-
ing inconsistent estimates during fusion. The overall process, including scale-shift
alignment, median initialization, and iteratively reweighted least-squares fusion, is
illustrated in Fig. 3.

Expert A

Expert B

Expert C

𝐷0
(reference)

𝐷1
𝐷2

𝐷0′ = 𝐷0
𝐷1′ = ܽ1𝐷1 + ܾ1

𝐷2′ = ܽ2𝐷2 + ܾ2

Scale-shift 

alignment
Median 

initialization

(pixel-wise)

𝐷(0)Initial fused depth

Residual ࢘࢏(࢚) ࡺ૙=࢏

(௧)0ݎ = 𝐷0′ − 𝐷(௧)

Huber

Weighting࢝࢏(࢚) ࡺ૙=࢏

෍

(௧)1ݎ = 𝐷1′ − 𝐷(௧)

(௧)2ݎ = 𝐷2′ − 𝐷(௧)

Iteratively Reweighted Least-Squares

Fused depth 𝐷(௧+1) 
(௧)0ݓ

(௧)1ݓ

(௧)2ݓ

Multi-export 

depth prediction

Least-square 
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ܽ௜ܾ௜

T
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o
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Fig. 3 Mechanism of the proposed Collaborative Expert Depth Fusion. Aligned depth estimates are
iteratively fused using expert-level fusion weights and pixel-wise Huber weights to obtain a struc-
turally coherent fused depth for Gaussian initialization.
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Endoscopic reconstruction based on depth back-projection initialization is highly
dependent on the quality of the externally provided depth priors. Predictions from a
single depth estimator may contain model-specific biases and local structural incon-
sistencies, particularly in weakly textured, reflective, or occluded regions. To reduce
reliance on any individual estimator, we employ multiple depth models with different
architectures and training paradigms. Their predicted depth maps are represented by
{Di}

N
i=0, where N = 2 in our implementation.

Because monocular depth estimators may produce predictions with inconsistent
scales and shifts, directly combining their outputs may introduce geometric incon-
sistencies. We therefore use D0 to define a common scale-shift coordinate space and
transform each remaining prediction through an affine operation:

D
′

i = aiDi + bi. (1)

where Di is the depth map generated by the i-th estimator, while ai and bi correspond
to its scale and shift parameters, respectively. The transformed depth prediction is
represented by D

′

i.
To estimate the transformation parameters over valid image regions, ai and bi are

obtained by minimizing the masked least-squares discrepancy between the transformed
prediction and D0:

(ai, bi) = argmin
a,b

∥M ⊙ (aDi + b−D0)∥
2
2 . (2)

The mask M covers the valid pixels used for cross-model alignment, and ⊙ represents
element-wise multiplication. For the reference prediction, we set D′

0 = D0.
The predictionD0 is used to establish the common affine coordinate space required

for alignment rather than to introduce a primary–auxiliary hierarchy among the depth
estimators. After alignment, all predictions are incorporated into the same robust
fusion procedure. This operation reduces relative scale-shift discrepancies across the
models without recovering an absolute metric depth scale.

To improve robustness against outliers and local cross-model inconsistencies, the
fusion process is initialized using the pixel-wise median of the aligned predictions
{D′

i}
N
i=0. The resulting initial estimate is written as D(0). Compared with direct aver-

aging, median initialization reduces the influence of individual predictions that deviate
substantially from the remaining models.

An Iteratively Reweighted Least Squares procedure is then applied to refine the
fused depth prior. To measure the discrepancy between each aligned prediction and
the current fused estimate, the residual map at iteration t is computed as

r
(t)
i = D

′

i −D
(t). (3)

In this expression, D(t) is the fused depth estimate obtained at iteration t, and r
(t)
i

represents the corresponding residual map of the i-th estimator.
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To reduce the influence of locally inconsistent predictions, each residual map is
converted into a pixel-wise Huber weight:

w
(t)
i =

⎧

⎪

⎨

⎪

⎩

1, |r
(t)
i | ≤ δ,

δ

|r
(t)
i |

, |r
(t)
i | > δ,

(4)

where δ is the Huber threshold. The weight map w
(t)
i assigns larger weights to pre-

dictions that are locally consistent with the current fused estimate and adaptively
reduces the weights of predictions with large residuals.

In addition to the residual-dependent Huber weights, a scalar model-level weight
αi is assigned to each depth estimator to control its overall contribution to the fusion
process. The model-level weights regulate the global contributions of the estimators,

whereas w
(t)
i adjusts their contributions independently across different pixel locations.

To jointly incorporate model-level weighting and pixel-wise residual consistency,
the fused depth prior is updated as

D
(t+1) =

∑N

i=0 αiw
(t)
i ⊙D

′

i
∑N

i=0 αiw
(t)
i

. (5)

The summation is performed across the depth estimators, while the division is eval-
uated element-wise. The scalar weights αi determine the global contribution of each
estimator to the fused estimate, while the Huber weighting mechanism suppresses spa-
tially localized inconsistencies during each iteration. Differences in αi specify different
global fusion contributions and do not imply a primary–auxiliary model structure.

After T iterations, the resulting fused depth prior D
(T ) provides geometric

guidance for subsequent Gaussian initialization rather than being interpreted as
an absolute metric depth estimate. By reducing reliance on any single expert and
attenuating locally inconsistent predictions, the proposed collaborative expert fusion
strategy produces a more stable and structurally coherent depth prior for depth-guided
Gaussian initialization.

3.3 Depth-Guided Gaussian Initialization

Monocular endoscopic scenes present specific challenges, including weak textures, illu-
mination variations, and non-rigid tissue deformation, which often undermine the
effectiveness of SfM. To overcome this limitation, we leverage fused depth priors to
back-project pixels from the training frames into 3D space, thereby constructing a
dense point cloud for Gaussian initialization.

Given the fused depth map D
(T ), we back-project pixels in the 2D image plane

into the camera coordinate system. Specifically, the 3D point corresponding to pixel
p = (u, v) is computed as

X(u, v) = dK−1p̃, (6)
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where d = D
(T )(u, v) is the depth value at pixel p = (u, v). The matrix K represents

the camera intrinsic matrix, while p̃ is the homogeneous coordinate of the correspond-
ing pixel. The resulting dense point set is then used to initialize the Gaussian means
and associated attributes.

3.4 Tri-Domain Pyramid Regularization

Existing methods incorporate inverse-depth supervision into spatial-domain objectives
to constrain Gaussian geometry(Liu et al. 2024; Yang et al. 2024). Nevertheless, such
supervision is highly dependent on the estimated depth and does not explicitly penalize
high-frequency appearance or boundary discrepancies. We therefore introduce a tri-
domain pyramid regularization mechanism, which extends spatial-domain supervision
with multi-scale wavelet domain and gradient domain constraints to constrain high-
frequency responses and anatomical contours, respectively, enabling finer refinement
of the Gaussian representation. The overall mechanism is illustrated in Fig. 4.

𝐺௥,௫௦
𝐺௫௦ 𝐺௬௦

𝐺௥,௬௦ℒ1 ℒ1
LH HL HH

Haar high-pass filter

௥,௅ு௦ܪ ௥,ு௅௦ܪ ௥,ுு௦ܪ
௅ு௦ܪ ு௅௦ܪ ுு௦ℒ1ܪ ℒ1 ℒ1

ℒ௪௔௩௘௟௘௧ ݍܧ. 14 ℒ௚௥௔ௗ  ݍܧ. 16

Horizontal 

gradient

Vertical 

gradientℒௗ௘௣௧ℎܦ௥
ܫℒ௖௢௟௢௥௦ܦ

௥ܫ
ℒ௧௩

ℒ௦௣௔௧௜௔௟ ݍܧ. 11

ℒ = ℒ௦௣௔௧௜௔௟ + ௗ ℒ௪௔௩௘௟௘௧ߣ + .ݍܧ ௚ ℒ௚௥௔ௗߣ 17
8ܪ 4ܪ4ܹ 2ܪ ݏܪ = 0.125 ݏ = 0.25 ݏ = 0.5 ݏ = 1

8ܹ ܹ2ܹ
௥௦ܫ ௦ܫ

෍
Spatial domain Wavelet domain Gradient domain

௥௦ܫ ௦ܫ ௦ܫ ௥௦ܫ௦ܫ ௥௦ܫ

Fig. 4 Mechanism of the proposed Tri-Domain Pyramid Regularization for multi-scale Gaussian
refinement.

Spatial Domain. Previous work incorporates standard rendering supervision in the
spatial domain to refine the Gaussian representation (Liu et al. 2024). To enforce
appearance consistency across different spatial resolutions, we extend the conventional
single-scale color supervision to a four-level image pyramid and compute a masked
color loss at each scale:

Ls
color =

∥M s ⊙ (Is
r − I

s)∥1
max (∥M s∥1 , 1)

, s ∈ S, (7)
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where S = {1, 0.5, 0.25, 0.125} is the set of pyramid scales, Is
r and I

s are the rendered
and ground-truth images bilinearly resized to scale s, respectively, and M

s is the
validity mask resized to the corresponding spatial resolution and expanded across
the color channels. The denominator averages the accumulated color difference over
valid elements, while the maximum operation prevents division by zero when the valid
region is empty. The losses obtained at different pyramid levels are combined through
a normalized weighted average:

Lcolor =

∑

s∈S
ωsL

s
color

∑

s∈S
ωs

, (8)

where ωs controls the contribution of scale s. For the four scales in S, the corresponding
weights are set to {1, 0.5, 0.25, 0.125}. Normalizing by the sum of the weights maintains
the overall magnitude of the color loss while introducing supervision at progressively
coarser spatial resolutions.

Geometric consistency between the rendered and reference depth maps is con-
strained using a masked correlation loss:

Ldepth = 1− CorrM (Dr,D) , (9)

where CorrM (·, ·) represents the correlation coefficient computed over valid pixels
selected by M , while Dr and D are the rendered and reference depth maps, respec-
tively. Spatial smoothness is further imposed on the full-resolution rendered color and
depth outputs:

Ltv = TV(Ir) + TV(Dr). (10)

The overall spatial-domain objective combines multi-scale appearance supervision,
depth consistency, and spatial smoothness:

Lspatial = γcolorLcolor + γdepthLdepth + γtvLtv, (11)

where γcolor, γdepth, and γtv balance the contributions of the color, depth, and total
variation terms, respectively.
Wavelet Domain. To suppress high-frequency artifacts while preserving localized
anatomical details, we apply a single-level two-dimensional Haar discrete wavelet
transform at each level of the shared image pyramid. The validity mask M

s restricts
the comparison between the rendered and ground-truth images to valid tissue regions,
preventing surgical-tool and invalid pixels from contributing to the wavelet-domain
supervision. Since low-frequency appearance and coarse image structure are already
constrained by the multi-scale spatial-domain loss, the wavelet-domain objective
focuses on discrepancies in the three directional high-frequency components.

For each pyramid scale s ∈ S, the directional high-frequency coefficient discrep-
ancies are computed by applying the corresponding Haar high-pass kernels to the
valid-region rendering residual:

H
s
r,k −H

s
k =

1

2
[M s ⊙ (Is

r − I
s)] ∗2 Kk, k ∈ {LH,HL,HH}, (12)

10



where Hs
r,k and H

s
k are the directional high-frequency coefficients associated with the

rendered and ground-truth images, respectively, and ⊙ represents element-wise multi-
plication, and ∗2 represents channel-wise filtering with a 2×2 kernel and a stride of two.
Owing to the linearity of the Haar transform, this formulation is equivalent to applying
the same validity mask to the rendered and ground-truth images before decomposi-
tion and subsequently comparing their corresponding high-frequency coefficients. The
three Haar high-pass kernels are defined as:

KLH =

[

−1 1
−1 1

]

, KHL =

[

−1 −1
1 1

]

, KHH =

[

1 −1
−1 1

]

. (13)

Under the adopted Haar sign convention, the LH component captures left-to-right
intensity variations and is sensitive to vertically oriented boundaries, whereas the
HL component captures top-to-bottom intensity variations and responds primarily
to horizontally oriented boundaries. The HH component captures diagonal variations
associated with corners, fine textures, and localized high-frequency artifacts.

The wavelet-domain loss aggregates the three directional high-frequency coefficient
discrepancies across all pyramid scales:

Lwavelet =
∑

s∈S

ωs

(

⃦

⃦H
s
r,LH −H

s
LH

⃦

⃦

1
+
⃦

⃦H
s
r,HL −H

s
HL

⃦

⃦

1

+
⃦

⃦H
s
r,HH −H

s
HH

⃦

⃦

1

)

.

(14)

The ℓ1 norm measures the magnitude of the valid-region discrepancy in each
directional high-frequency component. Minimizing this loss suppresses localized recon-
struction artifacts while preserving anatomical boundaries, tissue textures, and other
fine-scale structures.
Gradient Domain. To further preserve anatomical boundaries and tissue contours,
we introduce a multi-scale gradient-domain constraint (Liu et al. 2026). At each pyra-
mid scale s, the gradient responses along the horizontal and vertical directions are
extracted from the masked rendered and ground-truth images using the corresponding
Sobel filters:

G
s
r,d −G

s
d = Sd ∗ [M

s ⊙ (Is
r − I

s)] , d ∈ {x, y}, (15)

where G
s
r,d and G

s
d are the directional gradient responses associated with the ren-

dered and ground-truth images, respectively, Sd is the corresponding Sobel filter,
and ∗ represents channel-wise convolution. Owing to the linearity of convolution, this
formulation is equivalent to applying the same validity mask to the rendered and
ground-truth images before gradient extraction and subsequently comparing their
corresponding gradient responses. The gradient-domain loss is defined as:

Lgrad =
∑

s∈S

ωs

(

⃦

⃦G
s
r,x −G

s
x

⃦

⃦

1
+
⃦

⃦G
s
r,y −G

s
y

⃦

⃦

1

)

. (16)
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The loss compares the horizontal and vertical gradient responses of the rendered and
ground-truth images, thereby preserving the strength and orientation of anatomical
boundaries. Aggregating these discrepancies across multiple pyramid scales constrains
both fine local edges and broader tissue contours, while the ℓ1 norm reduces sensitivity
to isolated gradient outliers.

In summary, the tri-domain pyramid regularization is represented as:

L = Lspatial + λdLwavelet + λgLgrad, (17)

where λd and λg are hyperparameters that balance the contribution of the wavelet-
domain and gradient-domain pyramid constraints, respectively. Designed to refine
the Gaussian representation beyond conventional spatial supervision, Tri-Domain
Pyramid Regularization combines spatial-domain constraints on global appearance
and geometry with multi-scale wavelet-domain penalties on localized high-frequency
discrepancies and gradient-domain penalties on anatomical boundary misalignment;
together, these complementary constraints suppress reconstruction artifacts while pre-
serving tissue contours and fine structural details, thereby enabling more accurate
Gaussian refinement and higher-fidelity endoscopic rendering.

4 Experiment

4.1 Experimental Setup

Dataset and Evaluation Metrics. Experiments are conducted on two public endo-
scopic datasets: SCARED (Allan et al. 2021) and EndoNeRF (Wang et al. 2022).
SCARED provides stereo endoscopic sequences of porcine abdominal anatomy cap-
tured with the da Vinci system. Following the AF-SfMLearner protocol (Shao et al.
2021), each scene is split into training and testing subsets, and only left-view images
are used under the monocular setting. EndoNeRF contains monocular endoscopic
video sequences with non-rigid tissue deformation, providing a complementary bench-
mark for evaluating reconstruction robustness in dynamic surgical scenes. All frames
are resized to a fixed resolution for training and evaluation. Reconstruction quality is
evaluated using PSNR, SSIM, and LPIPS, where higher PSNR and SSIM values and
lower LPIPS values indicate better performance. Metrics are computed for each test
frame and then averaged over each sequence.

Implementation Details. For Collaborative Expert Depth Fusion, the Huber
threshold is set to δ = 1.0, and the fusion process is performed for T = 5 iterations. For
Tri-Domain Pyramid Regularization, a four-level image pyramid is constructed using
scale factors of {1.0, 0.5, 0.25, 0.125}. In the wavelet domain, the Haar discrete wavelet
transform is applied to penalize discrepancies between corresponding high-frequency
sub-bands. In the gradient domain, horizontal and vertical Sobel kernels are applied
independently to each channel to compute image gradients at every pyramid level.
The wavelet- and gradient-domain loss weights are set to λd = 0.2 and λg = 0.35,
respectively. The framework is implemented in PyTorch (Paszke et al. 2017), and its
parameters are optimized using Adam. All experiments were conducted on a single
NVIDIA RTX 4090 GPU with 24 GB of memory.
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Table 1 Performance comparison on the EndoNeRF and SCARED datasets.

Dataset Method PSNR ↑ SSIM ↑ LPIPS ↓ Train.Time ↓ GPU ↓

EndoNeRF

EndoNeRF (Wang et al.
2022)

36.062 0.953 0.089 5.0 hours 19 GB

EndoSurf (Zha et al. 2023) 36.529 0.954 0.074 8.5 hours 17 GB
EndoGaussian (Liu et al.
2024)

37.849 0.963 0.054 2.0 min 2 GB

Endo-GSMT (Gou et al.
2025)

38.783 0.968 0.028 – min – GB

T2GS (Xu et al. 2025) 32.950 0.921 0.041 3.5 min 6 GB
Ours 40.497 0.976 0.018 8 min 5 GB

SCARED

EndoNeRF (Wang et al.
2022)

24.345 0.768 0.313 3.5 hours 22 GB

EndoSurf (Zha et al. 2023) 25.020 0.802 0.356 5.8 hours 22 GB
EndoGaussian (Liu et al.
2024)

23.477 0.744 0.489 5.01 min 3 GB

EndoLRMGS (Wang
et al. 2025)

27.561 0.861 0.323 – min – GB

SG-3DGS (Zhang et al.
2026)

23.550 0.963 0.218 – min – GB

Ours 29.719 0.865 0.089 7.0 min 5 GB

4.2 Main Results

Table 1 presents the quantitative comparison on the EndoNeRF and SCARED
datasets. Overall, the proposed method achieves the best PSNR and LPIPS on both
datasets and the best SSIM on EndoNeRF, while remaining competitive in SSIM
on SCARED, demonstrating the effectiveness of combining Collaborative Expert
Depth Fusion with Tri-Domain Pyramid Regularization. On the EndoNeRF dataset,
our method achieves PSNR, SSIM, and LPIPS scores of 40.497, 0.976, and 0.018,
respectively. It outperforms the strongest competing method, Endo-GSMT, by 1.714
dB in PSNR and reduces LPIPS from 0.028 to 0.018. Compared with EndoGaus-
sian, our framework improves PSNR from 37.849 to 40.497 and reduces LPIPS from
0.054 to 0.018. These results demonstrate that Collaborative Expert Depth Fusion
provides a geometrically consistent depth prior for Gaussian initialization, while Tri-
Domain Pyramid Regularization further enhances photometric fidelity and perceptual
consistency during refinement.

On the SCARED dataset, the proposed method obtains a PSNR of 29.719 dB,
0.865 SSIM, and 0.089 LPIPS. Compared with EndoLRMGS, our method improves
PSNR by 2.158 and reduces LPIPS from 0.323 to 0.089, showing a clear improvement
in perceptual reconstruction quality. Although SG-3DGS reports a higher SSIM, our
method achieves substantially better PSNR and LPIPS, suggesting more accurate
intensity reconstruction and fewer perceptual artifacts. These results are particularly
important for monocular endoscopic reconstruction, where weak textures and specular
highlights can easily introduce unstable geometry and local rendering artifacts.

In terms of efficiency, our method remains substantially more efficient than
NeRF-based methods, which require several hours of optimization and large GPU
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T2GS EndoNerf EndoSurf EndoGaussian Ours Reference

PSNR=32.950  PSNR=36.062   PSNR=36.529   PSNR=37.849   PSNR=40.497   

PSNR=32.718  PSNR=35.043  PSNR=36.212   PSNR=38.064   PSNR=40.722   

T2GS EndoNerf EndoSurf EndoGaussian Ours Reference

Fig. 5 Qualitative comparison on the EndoNeRF dataset with PSNR annotations. Two represen-
tative frames are shown with zoomed-in regions for local detail comparison. The proposed method
preserves clearer anatomical structures and achieves higher rendering fidelity than the compared
methods.

memory. Compared with lightweight Gaussian-based baselines, the proposed frame-
work introduces moderate additional training cost due to multi-expert depth estima-
tion and tri-domain regularization. However, this overhead is accompanied by clear
improvements in reconstruction fidelity and perceptual quality, indicating a favorable
quality–efficiency trade-off for robust monocular endoscopic reconstruction.

d
1
k
1

d
2
k
1

Fig. 6 Qualitative comparison on the SCARED dataset. The proposed method produces clearer
structural boundaries and reduces high-frequency artifacts compared with prior methods. The labels
d1k1 and d2k1 denote dataset1/keyframe1 and dataset2/keyframe1 in the SCARED dataset, respec-
tively.
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The qualitative comparisons in Figs. 5 and 6 are consistent with the quantita-
tive results. Existing methods tend to produce blurred boundaries, degraded local
structures, and visible artifacts in weakly textured or highly reflective regions. In con-
trast, the proposed method reconstructs anatomical contours and local tissue details
with fewer visible distortions and high-frequency artifacts. The enlarged regions indi-
cate that the depth prior produced by Collaborative Expert Depth Fusion provides
dense initial geometry, while Tri-Domain Pyramid Regularization constrains boundary,
contour, and high-frequency discrepancies during Gaussian refinement.

4.3 Depth Prior Evaluation

To directly assess the geometric prior used for Gaussian initialization, we compare
the fused depth generated by Collaborative Expert Depth Fusion with representative
monocular endoscopic depth estimation methods on the SCARED dataset. All meth-
ods are evaluated using the same test split and evaluation protocol. The quantitative
results are reported in Table 2.

Table 2 Quantitative comparison of depth-prior quality on the SCARED dataset. The best and
second-best results are highlighted in bold and underlined, respectively.

Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSE log ↓ δ1 ↑

DARES (Sheikh Zeinoddin
et al. 2024)

0.052 0.356 4.483 0.073 0.980

EndoDAC (Cui et al. 2024) 0.052 0.362 4.464 0.073 0.979

EndoFAST3r (Sheikh Zeinod-
din et al. 2025)

0.051 0.354 4.480 – 0.998

Ours 0.050 0.353 4.437 0.071 0.981

As shown in Table 2, the proposed fused depth prior achieves the lowest Abs Rel,
Sq Rel, and RMSE among the compared methods. Among the methods reporting
RMSE log, our method also obtains the lowest error. Although EndoFAST3r achieves
the highest δ1 accuracy, the proposed method provides more consistent performance
across the error-based metrics. These results indicate that scale-shift alignment and
robust collaborative expert fusion reduce expert-specific depth errors and provide a
more accurate geometric prior for subsequent Gaussian initialization.

4.4 Ablation Study

Tables 3 and 4 evaluate the effectiveness of the proposed components on the SCARED
dataset. The experiments examine two aspects: whether Collaborative Expert Depth
Fusion provides more effective geometric guidance than initialization based on a single
depth expert, and whether Tri-Domain Pyramid Regularization improves Gaussian
refinement beyond single-scale wavelet-domain and gradient-domain constraints.

As shown in Table 3, the baseline using a single-expert depth estimate and
the original spatial-domain objective achieves the lowest reconstruction performance.
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Table 3 Component-wise ablation study on the SCARED dataset. CEDF denotes
Collaborative Expert Depth Fusion, while TDPR denotes Tri-Domain Pyramid Regularization.
All configurations use the same depth-guided back-projection procedure for Gaussian
initialization.

Components PSNR ↑ SSIM ↑ LPIPS ↓
Baseline 26.092 0.696 0.422
CEDF 28.437 0.797 0.300
CEDF + Wavelet Reg. 29.195 0.832 0.210
CEDF + Wavelet Reg. + Gradient Reg. 29.700 0.850 0.126
CEDF + TDPR 29.719 0.865 0.089

Introducing Collaborative Expert Depth Fusion substantially improves all three met-
rics, indicating that aligning and integrating complementary expert depth estimates
provides a more effective geometric basis for Gaussian initialization while reducing
the influence of locally inconsistent predictions. Adding single-scale wavelet-domain
regularization further improves reconstruction fidelity and perceptual quality by
constraining high-frequency discrepancies. Incorporating the gradient-domain con-
straint produces additional gains by preserving anatomical boundaries and tissue
contours. The complete model with Tri-Domain Pyramid Regularization achieves the
best overall performance, demonstrating that applying complementary constraints
across multiple image scales is more effective than single-scale wavelet-domain and
gradient-domain regularization for Gaussian refinement.

Table 4 Ablation study of different expert combinations in Collaborative Expert Depth
Fusion. Experts A, B, and C represent three complementary monocular depth estimators
whose predictions are aligned through scale-shift fitting and integrated through
residual-dependent weighting.

Components PSNR ↑ SSIM ↑ LPIPS ↓

Expert A 29.676 0.861 0.116

Expert A + Expert B 29.698 0.863 0.105

Expert A + Expert C 29.684 0.859 0.112

Expert A + Expert B & C 29.719 0.865 0.089

Table 4 further evaluates the complementarity of different depth experts under the
same Gaussian refinement setting. Expert A alone provides a strong result, while incor-
porating either Expert B or Expert C yields further improvements, indicating that
the additional experts contribute complementary geometric information. The different
gains obtained by combining Expert A with Expert B or Expert C suggest that the
depth estimates produced by the two experts are not redundant and capture different
structural characteristics. Combining all three experts achieves the best overall perfor-
mance, confirming that Collaborative Expert Depth Fusion benefits from integrating
complementary depth estimates while suppressing locally inconsistent predictions.
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4.5 Hyperparameter Analysis

The proposed Tri-Domain Pyramid Regularization introduces two weighting factors,
λd and λg, to balance the wavelet-domain and gradient-domain constraints in Eq. (17).
To investigate their impact on reconstruction performance, we conduct a sensitiv-
ity analysis on the SCARED dataset by varying one weight while keeping the other
settings fixed. The quantitative results are presented in Fig. 7.

Fig. 7 Impact of hyperparameters on reconstruction performance. PSNR and SSIM variations with
respect to λg (left) and λd (right). Both metrics first improve and then slightly decrease as the
regularization weight increases, indicating that moderate regularization achieves the best performance
among the tested settings. The vertical dashed lines denote the selected default values.

Wavelet-Domain Weight λd. The parameter λd controls the strength of the
wavelet-domain regularization. When λd is too small, the constraint provides insuf-
ficient supervision over localized high-frequency responses, limiting its ability to
suppress artifacts. As λd increases to a moderate range, both reconstruction fidelity
and perceptual quality improve, indicating that frequency-domain regularization helps
stabilize fine-detail reconstruction. However, an excessively large λd may over-penalize
high-frequency variations and suppress useful anatomical details. As shown in Fig. 7,
the best empirical performance among the tested settings is achieved at λd = 0.2,
which is adopted as the default value.
Gradient-Domain Weight λg. The coefficient λg controls the contribution of the
gradient-domain loss to the overall optimization objective. When λg is small, the
gradient-domain term contributes weakly to the overall objective, resulting in lim-
ited constraints on anatomical boundaries and tissue contours. Increasing λg places
greater emphasis on discrepancies along anatomical boundaries and tissue contours,
which can produce sharper reconstructed boundaries. However, an excessively large λg

may cause the gradient-domain term to dominate the optimization objective, reducing
photometric fidelity and introducing local structural distortions. As shown in Fig. 7,
λg = 0.35 achieves the highest overall performance among the evaluated settings and
is therefore used in all experiments.

Overall, both weighting factors exhibit a consistent trend: moderate regulariza-
tion improves reconstruction quality, whereas overly weak or overly strong constraints
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degrade performance. This analysis confirms that the wavelet-domain and gradient-
domain constraints are most effective when properly balanced with the spatial-domain
reconstruction objective.

5 Discussion

5.1 Analysis of the Proposed Components

The results in Tables 2–4 show that Collaborative Expert Depth Fusion and
Tri-Domain Pyramid Regularization improve complementary stages of Gaussian
reconstruction. Collaborative Expert Depth Fusion reduces several depth errors and
outperforms single-expert initialization by mapping complementary predictions into
a common scale-shift space and suppressing locally inconsistent estimates through
residual-dependent weighting. The resulting fused depth serves as relative geometric
guidance rather than an estimate of absolute metric depth. Its larger improvement in
LPIPS indicates that the fusion primarily enhances local structural and perceptual
consistency.

Tri-Domain Pyramid Regularization further improves the initialized representation
by imposing complementary constraints across spatial, wavelet, and gradient domains.
Spatial-domain supervision preserves global appearance and geometry, while wavelet-
and gradient-domain constraints reduce high-frequency discrepancies and preserve
anatomical boundaries. The ablation and hyperparameter results also show that these
constraints must be appropriately balanced, as excessive weights may suppress valid
local variations or overemphasize edge agreement.

5.2 Practical Considerations and Limitations

The proposed framework requires approximately 7-8 minutes and 5 GB of GPU mem-
ory, remaining substantially more efficient than the evaluated NeRF-based methods
but introducing additional cost compared with lightweight Gaussian baselines. This
overhead arises mainly from multi-expert depth inference and multi-scale regulariza-
tion, making the current implementation more suitable for per-scene reconstruction
than continuous intraoperative updating.

The evaluation is limited to SCARED and EndoNeRF and primarily relies on
image-space reconstruction and depth metrics, which do not directly measure sur-
face accuracy, topology, or temporal geometric consistency. The framework also uses
fixed depth experts, fusion weights, pyramid scales, and calibrated camera parameters.
Future work will investigate uncertainty-aware expert fusion, adaptive domain weight-
ing, joint camera and geometry refinement, and evaluation on more diverse sequences
with stronger deformation, occlusion, and topology changes.

6 Conclusion

This work presents a robust depth-prior-guided Gaussian reconstruction framework
for monocular endoscopic scenes. Collaborative Expert Depth Fusion improves Gaus-
sian initialization by aligning predictions from multiple monocular depth experts
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through scale-shift fitting and robustly integrating the aligned predictions to con-
struct a fused depth prior. This prior is subsequently back-projected to provide
dense geometric support for Gaussian construction. To further improve refinement
quality, Tri-Domain Pyramid Regularization introduces complementary constraints
in the spatial, wavelet, and gradient domains, enabling the optimization to preserve
global appearance, suppress localized high-frequency artifacts, and maintain anatom-
ical boundary consistency. Experiments on the SCARED and EndoNeRF datasets
demonstrate that the proposed framework consistently improves reconstruction fidelity
and perceptual quality over existing endoscopic reconstruction methods. Ablation
studies further validate the effectiveness of Collaborative Expert Depth Fusion and
Tri-Domain Pyramid Regularization, showing that geometrically consistent initializa-
tion and multi-domain refinement are both important for robust monocular endoscopic
Gaussian reconstruction. Future work will explore stronger depth-prior construction
and extend the framework to more complex dynamic surgical scenarios.
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