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Abstract

3D Gaussian Splatting (3DGS) excels at real-time rendering
of standard scenes, however, it struggles to reconstruct un-
derwater environments due to severe challenges such as light
scattering, color attenuation, and sparse coverage of Gaus-
sian kernels in far-field aqueous regions. To address this, we
introduce AquaSplatting, a hybrid framework that combines
explicit and implicit modeling methods for robust underwa-
ter scene reconstruction. Our dual-branch architecture em-
ploys 3DGS in a geometry-guided branch to model solid sur-
faces like the seabed, while a medium-aware branch uses a
compact, view-dependent MLP to represent volumetric wa-
ter effects. Furthermore, a neural underwater hybrid render-
ing mechanism adaptively fuses these two representations
based on accumulated opacity. Thanks to this dual-branch
framework, our method can also synthesize restored images
without water medium. To enhance efficiency, our proposed
engagement-based pruning (EBP) strategy quantifies each
Gaussian’s contribution by accumulating its image-space gra-
dients over multiple frames, enabling the principled removal
of primitives with negligible impact. The entire framework is
optimized using a comprehensive loss function that integrates
photometric, exposure, semantic, and depth priors to maxi-
mize visual fidelity. Experiments on challenging underwater
datasets demonstrate that AquaSplatting achieves the state-
of-the-art in reconstruction quality surpassing prior methods
while maintaining real-time performance.

Code — https://github.com/ChrisWanghb/AquaSplatting

Introduction

Reconstructing 3D underwater scenes has broad applica-
tions, from marine robotics to immersive virtual reality.
However, optical effects such as absorption and scattering
severely degrade underwater imaging quality, making accu-
rate reconstruction a challenging task. As red light atten-
uates rapidly, color distortion and contrast reduction arise,
while backscattering directs ambient light toward the cam-
era. These adverse effects intensify with depth, linking ob-
ject appearance to water properties and complicating the
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joint modeling of geometry and medium. An ideal represen-
tation of underwater environments must capture both solid
structures (i.e. objects within water) and the surrounding
water medium. Objects provide key cues about the appear-
ance and geometry of the scene, while the water medium
encodes critical environmental parameters. However, inher-
ent challenges such as distance-dependent attenuation and
wavelength-selective scattering make it difficult to accu-
rately capture both components.

NeRF-based methods (Sethuraman, Ramanagopal, and
Skinner 2023; Levy et al. 2023) have demonstrated the abil-
ity to jointly reconstruct objects and aquatic environments.
SeaThru-NeRF (Levy et al. 2023) first incorporates the
scattering-aware physical model into NeRF, allowing high-
fidelity novel view synthesis and joint medium-free color-
geometry recovery in underwater scenes. However, NeRF-
based methods suffer from slow training speeds and cannot
render in real time. 3DGS (Kerbl et al. 2023) enables real-
time, photorealistic 3D reconstruction, but standard 3DGS
implementations are designed for clear atmospheric condi-
tions and ignore the effects of the surrounding medium, such
as water. To tackle this, Watersplatting (Li et al. 2024) pro-
posed to integrate rasterization with medium-aware model-
ing, which uses 3DGS for explicit geometry representation
and an independent volumetric ray-marching branch to cap-
ture the scattering medium. However, this approach often
produces noticeable “blobby” artifacts, especially in scenes
with large water regions. This issue stems from the sparsity
of Gaussians in distant background areas, leading to a de-
graded modeling capability for far-field water.

To overcome these challenges, we introduce AquaS-
platting, a novel framework for reconstructing underwater
scenes based on a hybrid 3D representation. Our method
is built upon a dual-branch architecture: The geometry-
guided branch employs 3DGS to explicitly model solid sur-
faces, such as the seabed and other submerged objects.
The medium-aware branch implicitly represents the water
medium, which employs a compact Multi-Layer Perceptron
(MLP) to predict color and opacity for non-seafloor regions.
This synergistic design allows our method to create a com-
prehensive scene representation, combining explicit fore-
ground geometry with a continuous, implicit model of the
surrounding water. Furthermore, we propose a neural under-
water hybrid rendering mechanism that adaptively integrates
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Figure 1: We introduce AquaSplatting, a novel framework for efficient underwater scene reconstruction that delivers state-of-
the-art visual quality, while simultaneously enabling the high-fidelity restoration of the scene to its clear, water-free appearance.

the output from two branches. Based on the accumulated
opacity, our renderer ensures seamless transitions between
near-field objects and far-field water, significantly boosting
visual fidelity. In addition, we introduce an engagement-
based pruning (EBP) strategy that dynamically eliminates
Gaussians with negligible contributions to the final render,
enhancing both efficiency and training stability. Thanks to
this dual-branch framework, our method can not only syn-
thesize novel views of the underwater scene, but also gen-
erate restored, water-free images by disabling the effects of
the medium branch. To validate our approach, we conducted
extensive experiments on the publicly available underwater
datasets (Levy et al. 2023; Tang et al. 2024). The results
demonstrate that AquaSplatting outperforms existing base-
lines in both visual fidelity and real-time rendering speed.
Our contributions are summarized as follows:

* We propose AquaSplatting, a novel hybrid framework
that simultaneously models explicit scene geometry and
the implicit water medium using a synergistic dual-
branch architecture.

* We design an engagement-based pruning (EBP) strategy
that dynamically removes ineffective Gaussians by quan-
tifying their contribution to the final rendering, thus en-
hancing efficiency.

* Our method delivers a high visual fidelity reconstruction
at real-time rendering speed, while also providing the ca-
pability to restore the scene to its clear, water-free ap-
pearance.

Related Work

Underwater scene reconstruction. Underwater scene rep-
resentation requires the joint modeling of scene geometry
and medium properties, with attenuation effects already ex-
tensively studied in 2D representations. The goal of under-
water image restoration is to recover visual perception from
degraded images (Yuan, Cai, and Cao 2021). Existing meth-
ods can be broadly categorized into two types: direct image
enhancement approaches (Li et al. 2021; Rao et al. 2023),
and model-based methods that use the Underwater Imag-
ing Model to estimate attenuation coefficients for image
restoration (Cong et al. 2023; Guo et al. 2025a). However,
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due to the ill-posed nature of single-image restoration, these
methods often rely on strong prior assumptions for param-
eter estimation (Akkaynak and Treibitz 2019). In contrast,
multi-view 3D reconstruction methods help alleviate this ill-
posedness and improve the accuracy of parameter estimation
(Boittiaux et al. 2024).

NeRF-based methods. NeRF-based methods have been
widely adopted for underwater scene understanding because
of their implicit volumetric modeling capabilities. ScatterN-
eRF (Ramazzina et al. 2023) and DehazeNeRF (Chen et al.
2024) incorporate atmospheric scattering into NeRF for
foggy scene reconstruction and joint color—geometry correc-
tion. WaterNeRF (Sethuraman, Ramanagopal, and Skinner
2023) estimates medium parameters and applies histogram
equalization to enhance underwater rendering. SeaThru-
NeRF (Levy et al. 2023) integrates the underwater image
formation model into NeRF’s rendering, enabling domain
adaptation. WaterHE-NeRF (Zhou et al. 2025) introduces
a Retinex-based water-ray field and a joint loss to improve
color fidelity. U2NeRF (Gupta, Mitra et al. 2024) employs
an unsupervised Transformer to disentangle radiance, trans-
mission, and scattering. NeuroPump (Guo et al. 2025b)
jointly models refraction and scattering in a self-supervised
framework and contributes the first real-world 360° under-
water dataset with ground-truth. Despite their effectiveness,
these approaches inherit NeRF’s limitations in training cost
and rendering latency, hindering real-time deployment.

3DGS-based methods. RestorGS (Qiao et al. 2025) pio-
neers a unified depth-aware Gaussian splatting framework
that disentangles appearance and leverages depth-guided
physical modeling for real-time restoration of diverse 3D
degraded scenes, such as underwater, nighttime, and hazy
conditions. While Gaussian Splashing (Mualem et al. 2024)
effectively synthesizes dynamic water surfaces using 3D
Gaussian primitives, it focuses on surface-level modeling
and lacks support for complex underwater light transport
and volumetric effects. UW-GS (Wang et al. 2025a) incorpo-
rates an appearance-sensitive model and physics-driven den-
sity control to handle underwater scattering, absorption, and
motion interference. Seasplat (Yang, Leonard, and Girdhar
2024) enhances true color recovery and depth estimation by
combining multiple physically grounded losses, including
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Figure 2: Pipeline. Our framework employs a dual-branch architecture for underwater scenes: a geometry-guided branch uses
3DGS to model explicit structures, while a media-aware MLP branch captures volumetric water effects. A neural rendering
mechanism then adaptively fuses these branches based on accumulated transmittance. Finally, the model is optimized via a
composite loss function integrating photometric, depth priors, exposure, and semantic for maximum visual fidelity.

backscatter, gray-world, and depth-weighted reconstruction,
while preserving real-time rendering efficiency. Watersplat-
ting (Li et al. 2024) introduces a dual-branch framework
combining 3DGS with a separate volumetric field for the
scattering medium, mitigating the inefficiencies of NeRF.
However, it struggles to accurately reconstruct distant water
backgrounds due to sparse point representations. In contrast,
our method leverages a hybrid explicit-implicit representa-
tion, combining the geometric accuracy of Gaussian splats
with the flexibility of neural volumetric modeling. This en-
ables more balanced foreground-background reconstruction
while maintaining high rendering efficiency.

Method
Problem Formulation

Underwater scenes are governed by complex optical phe-
nomena, primarily light attenuation and scattering. Based on
the revised underwater imaging model(Akkaynak and Treib-
itz 2018), the final image [ is separated into a direct and
backscatter component as

I~J- Adirecl(adirect’z) 4+ B>™. (1 _ AbS(O'bS,Z)),

where A(o, z) = e~ %%, J denotes the water-free image of a
scene at depth z, B represents the background color of the
water at an infinite distance. %™ and ¢ are attenuation
coefficients for the direct and backscatter components of the
image that indicate the effect of water medium on the color.

A key limitation in prior methods is the assumption of
a spectrally homogeneous water medium (Kim, Lee, and
Lee 2024), where optical coefficients B>, gdirect and obs
are constant across color channels. This ignores the inherent
wavelength dependence of light propagation, leading to in-
accurate of color attenuation and scattering. Thus, we adopt
a wavelength-aware model that independently defines the
optical coefficients in each RGB channel. This results in
nine learnable variables, B> = (Bp°, By, By©), 0% =

direct _direct _direct bs bs L bs _bs :
(o7, oy, aplet), o (07%,04°,03°). By doing so, our

model can represent the distinct behavior of each color chan-
nel, enabling a faithful reconstruction of underwater scenes.
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Fig. 2 illustrates the pipeline of our proposed frame-
work. Our method reconstructs underwater scenes based on
a dual-branch architecture. A geometry-guided branch em-
ploys 3DGS to explicitly model scene geometry by predict-
ing key parameters such as B>, g4t 5% color Cg, and
opacity a.. Concurrently, a medium-aware branch represents
the volumetric water medium using an implicit MLP that
outputs auxiliary color Cy; and density o. A neural render-
ing mechanism then adaptively fuses these branches based
on accumulated transmittance. The model is optimized with
a composite loss function that combines photometric, depth
priors, exposure, and semantics.

Dual-Branch Architecture

Geometry-Guided Branch. The geometry-guided branch
of our framework is responsible for modeling solid surfaces
within the scene, such as the seabed, rocks and other sub-
merged objects. To this end, we employ 3DGS, which repre-
sents the scene’s geometry as a collection of 3D anisotropic
Gaussians. Each Gaussian is parameterized by its mean po-
sition and covariance matrix as the standard 3DGS method.
The final color C¢ is then synthesized via a differentiable
tile-based rasterizer as

N
CG: E «;C;
i=1

where «; and c¢; is the opacity and color associated with
the i-th Gaussian. The products are over the ordered list
of Gaussians that overlap a given pixel. Please refer to
3DGS (Kerbl et al. 2023) for more details.

Owing to the unbounded rendering formulation of 3DGS,
the expected pixel color along a camera ray r(s) = o + sd,
which extends towards infinity, can be expressed as C'(r) =
Jo° T(s)o(s)c(s)ds (Kajiya and Von Herzen 1984). We fur-
ther incorporate underwater light transport by modeling the
transmittance from the first to the ¢-th Gaussian as:

i—1

L) =77 (s) =( [](1 - ) (7).

j=1

i—1

[T -y,

Jj=1



TiObj denotes the occlusion term from the first —1 Gaus-
sians, while 7" (s) models the light attenuation in water. The

final color is then computed as:
N ' N
Co(r) = Y CP () +d_Cr (1),
i=1 i=1

where C°% and C'* denote the color of objects and medium,
respectively. We employ the direct extinction coefficient
odi*ct and the medium backscattering coefficient o to
model C?™(r) and C¥ (1), respectively.

M (r)

K2

direct
—0 .

bj bj
=TT (si)aie; = T aicie s
Si
/Si—1
_ BOO (efo'bssi—l _ 670b55i>
where o% is the water’s attenuation coefficient, and B>
is the background color due to scattering. To handle view-
dependent variation, we employ a Multi-Layer Perceptron

(MLP) to predict %, oY and B> from the view direc-
tion 0,

Ci(r)

! T%(s)c* B> ds

(Udirect,O_bS’Boo) _ -/—'.1(0;))’

where 6 is the positional encoding of ,,, 77 is an MLP with
the SoftPlus activation function.

Medium-Aware Branch. To complement the explicit ge-
ometry modeling, we introduce a medium-aware branch to
represent non-seabed regions and distant volumetric content.
This branch models scattering-aware color and density in a
view-dependent manner via an MLP F5. Given the viewing
pose (R, t) and the intrinsic parameter £, it outputs the color
C)s and volume density d for each sampled point:

C]W)d = fQ(Rataf)

To better account for angular appearance variations induced
by light scattering and absorption, we incorporate Spherical
Harmonics (SH) to encode the viewing direction. This pro-
vides a compact and continuous representation of directional
dependencies, enabling more accurate color modeling in dis-
tant or low-visibility regions (Rahaman et al. 2019). The SH-
encoded direction is concatenated with the MLP output to
yield the final radiance estimate.

Neural Underwater Hybrid Rendering Mechanism

To effectively model complex underwater scenes with vary-
ing depths and media properties, we propose a neural un-
derwater hybrid rendering mechanism to combine the two
branches: the geometry-guided branch reconstructs the de-
tailed, local color Cg of near-field solid surfaces, while the
medium-aware branch models the ambient, global color C)
of the far-field water medium. Directly blending these out-
puts can cause color artifacts and geometric inconsisten-
cies. To mitigate this, we introduce an opacity-gated fusion
strategy that adaptively incorporates medium-aware colors
based on the accumulated opacity. During rasterization,
color blending stops when accumulated opacity exceeds a
threshold, indicating an opaque surface. For rays passing
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through distant regions, contributions from the medium-
aware branch are retained. Specifically, the cumulative opac-
ity « of the geometry-guided branch is computed during
Gaussian splat filtering, sorting, and blending as o« = 1 —

H;.V:l (1 — «; ). The final output color C is computed as

>,

A CG»
SO+ (1 —a)-Cy-d, a<n.

If the accumulated opacity « exceeds the threshold +, the
density of explicit Gaussian splats is sufficient to faithfully
represent the local geometry and color, and the system re-
lies solely on the geometry-guided branch. In contrast, when
a < 7, the explicit representation is sparse and the medium-
aware branch is introduced to supplement color estimation,
particularly for distant water volumes and attenuation effects
due to the medium.

This mechanism ensures that the implicit medium-aware
branch complements the explicit branch only when neces-
sary, improving the overall rendering quality while reducing
artifacts. We provide more details about the fusion process
in Algorithm 1 in the supplementary material. In particular,
the per-pixel opacity « is computed on-the-fly during ras-
terization and can be directly extracted from the rendering
pipeline without additional computational overhead.

Engagement-Based Pruning Strategy

While the standard 3DGS framework periodically resets
the opacity of Gaussians to maintain model compactness,
this abrupt intervention often destabilizes the training pro-
cess. To address this issue, we propose a novel engagement-
based pruning (EBP) strategy, which systematically removes
Gaussians based on their quantified impact on the final ren-
dered image. Specifically, we assign an engagement score e,
to each Gaussian as

=3

teENT

t 2
oI,

t
6xg

)
2

1
h-w

where [ f ; denotes the color rendered in pixel (4, j) in frame

t, h and w is the height and width of the image, :U_E,t) repre-

sents the position of the Gaussian point in frame ¢, and N7
is the set of multiple frames considered for the evaluation
of engagement. In our implementation, we evaluate engage-
ment scores every T' = 200 training iterations and prune
any Gaussians whose score ¢, falls below a threshold k (we
use k& = 107 in our experiments). This EBP strategy effec-
tively suppresses the influence of negligible Gaussians while
avoiding the training instability associated with the abrupt
opacity resets used in the standard 3DGS framework.

Optimization

To guide our model towards a faithful reconstruction of the
underwater scene, our framework is optimized using a com-
prehensive loss function that integrates photometric, seman-
tic, exposure, and depth priors.

Reconstruction loss. Similarly to the standard 3DGS frame-
work (Kerbl et al. 2023), the principal loss in image recon-
struction is defined as a weighted sum of the L1 loss of color



at pixel level and the perceptual dissimilarity (D-SSIM):
Lrec = (1 = A1)L1 + M Lpssiv

Depth supervision via alpha-composited rendering. Un-
derwater light attenuation severely degrades visibility, com-
promising the depth accuracy of distant structures. To coun-
teract this, we directly supervise the depth map rendered
from the 3D Gaussians via alpha compositing as

i—1

D= Z zio H(l —aj)

1EN j=1

where z; is the depth of the i-th Gaussian, and ¢ is the opac-
ity. To guide optimization, we use the pre-trained DepthAny-
thing V2 model (Yang et al. 2024) to generate pseudo-
ground-truth depth maps Dpgeudo. We then formulate a depth
consistency loss as:

Edepth = ||Dpseudu - -D”l

Exposure loss for illumination robustness. To handle var-
ious water conditions and ensure consistent brightness, we
introduce an exposure regularization term that constrains the
mean exposure of local image patches to a desired target
value F as

1
ACExp = N Z ‘Lk - E‘,
k=1

where Ly, is the mean luminance of the k-th non-overlapping
region and N is the total number of such regions.
Semantic-guided opacity regularization. To enforce a ro-
bust decomposition of the underwater scene into seabed and
non-seabed regions across our two branches, we generate
supervisory masks using Grounded SAM (Ren et al. 2024).
This process yields a binary mask, Mask(z, 7), for each im-
age, where a value of 1 indicates a non-seabed region and 0
corresponds to the seabed. This mask guides the optimiza-
tion of density d in the medium-aware branch, with the cor-
responding loss function defined as

Lqy=") |Mask(i, ) — d(i, j)]|5.
,J

It is worth noting that while this semantic supervision from
Grounded SAM enhances reconstruction quality, it is not
a critical dependency. Our core framework still achieves
strong performance without this component, a claim we val-
idate in our ablation studies.

Experiment

Datasets. We validate our approach on two underwater
datasets: (1) SeaThru-NeRF (Levy et al. 2023): A real-
world dataset with four forward-facing scenes captured
in diverse aquatic conditions. Its unbounded camera dis-
tances present a significant challenge for neural reconstruc-
tion. (2) Underwater in the Wild (U-IW) (Tang et al.
2024): A large-scale dataset build from internet videos, fea-
turing extended and full 360°camera trajectories that pro-
vide rich spatial context for evaluation. Instead of relying
on COLMAP (Schonberger and Frahm 2016), we adopt
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Method | PSNRT | SSIMT | LPIPS| |FPS|Time |
SeaThru-NeRF|26.45/19.11(0.815/0.639(0.247/0.402| 0.55 | 2.7
HoGS 25.51/27.46/0.866/0.889(0.208/0.160|146.34| 0.6
SeaSplat 27.39/27.21(0.865/0.887(0.209/0.161| 42.54 | 1.6
UW-GS 28.81/27.00/0.918/0.891(0.144/0.153| 38.27 | 0.8
Watersplatting [29.61/25.35/0.915/0.884/0.140/0.168| 35.80 | 0.5

Ours 130.32/28.25(0.933/0.906/0.136/0.152| 25.37 | 0.8

Table 1: Quantitative evaluation of existing methods. We
evaluate visual performance by PSNR, SSIM, and LPIPS on
two datasets (SeaThru-NeRF/U-IW) respectively. Efficiency
is demonstrated by rendering speed (FPS) and training time
(Time, in hours) across all test scenes.

VGGT (Wang et al. 2025b), a fast feed-forward neural net-
work that estimates camera poses, sparse point clouds, and
3D point tracks in just a few seconds. This approach pro-
vides our model with the accurate and efficient geometric
initialization required for high-quality, real-time rendering.
Implementation Details. In our implementations, 3D Gaus-
sian rendering is accelerated using a tile-based rasterizer. We
employ Fourier positional encoding with L = 10 for camera
viewpoints and L = 4 for ray directions. Following 3DGS,
the ray termination threshold  for opacity accumulation is
set to 0.9999. The loss function combines multiple objec-
tives, with weights set as A\; = 0.2 (reconstruction loss),
Ad = 0.4 (density regularization), Agx, = 0.8 (exposure
loss) and Ageptr, = 0.1 (depth supervision), including a term
of water mask supervision. All experiments were conducted
on a single NVIDIA RTX 4090 GPU to ensure a fair com-
parison of computational performance. For all methods, we
report Frames Per Second (FPS) and total training time. To
ensure robust and reproducible results, all reported metrics
are the average of five independent runs.

Experimental Results

Reconstruction quality. As shown in Fig. 3, our method
markedly enhances reconstruction fidelity by reducing vi-
sual artifacts and more accurately recovering distant geo-
metric details. In contrast, existing approaches often ex-
hibit pronounced “floating” artifacts and fail to reconstruct
distant regions. Our framework maintains structural con-
sistency across varying depths, rendering complex features
with high fidelity in scenes like “J.G RedSea” and “Tur-
tle”. This consistent, high-quality performance across var-
ious datasets confirms the robustness of our method to chal-
lenging underwater conditions and scene complexities.

Quantitative evaluations. Our method consistently out-
performs the state-of-the-art approaches in two datasets.
As shown by the average metrics in Tab. 1, our approach
achieves superior performance, securing the highest PSNR
and SSIM scores while recording the lowest LPIPS val-
ues (Zhang et al. 2018). We also provide per-scene eval-
uations in Tab. S1 and Tab. S2 in the supplementary ma-
terials. The scene-wise evaluations further demonstrate the
robustness of our approach across a wide range of under-
water scenarios. Although our underwater medium model-
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Figure 3: Qualitative comparison (Zoom-in for details). The depth maps are generated by DepthAnything v2.

ing and medium-aware branch introduce additional compu-
tational overhead compared to the original 3DGS frame-
work, our method still achieves real-time rendering. Taken
together, these quantitative results demonstrate that our
method achieves an optimal balance between reconstruction
accuracy, perceptual quality, and training efficiency. This un-
derscores its effectiveness in mitigating underwater image
degradation to reconstruct high-fidelity visual content.

Scene restoration. As shown in Fig. 4, our method gener-
ates high-fidelity scene restorations from novel viewpoints.
Thanks to our hybrid representation, the restored images ex-
hibit significantly enhanced clarity and superior structural
integrity compared to the original underwater scenes. Com-
pared against other novel view synthesis methods, AquaS-
platting demonstrates outstanding performance in global
scene recovery. Our approach more accurately preserves
crucial scene depth cues and fine-grained structural details.
Specifically, our exposure- and depth-guided optimization
facilitates a more natural and coherent reconstruction of the
scene’s background, particularly in distant regions.
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Ablation Studies

Effectiveness of hybrid rendering mechanism. To validate
the effectiveness of our neural underwater hybrid rendering
mechanism, we conducted two key ablation studies. First,
we test a simplified model that naively combines the out-
puts of the geometry-guided C and medium-aware C)y
branches via direct per-pixel summation as C=Cq+Chy.
This simplistic blending, which fails to distinguish between
foreground objects and the background water medium, is
analogous to injecting unstructured noise from the medium
branch into the final reconstruction. Second, we evaluate a
variant that relies solely on the geometry-guided branch or
the medium-aware branch, completely disabling the hybrid
rendering. As shown in Tab. 2, these models show a notice-
able degradation in quantitative metrics. These results un-
derscore the critical role of our complete hybrid rendering
mechanism in achieving accurate and robust reconstruction.

Effectiveness of EBP. Fig. 5 demonstrates the effectiveness
of our EBP strategy. The result after applying EBP (Top
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Figure 4: Comparison of image restoration. Our method
achieves superior visual clarity and more consistent under-
water scene restoration.

GeoB  Med-B Hybrid | PSNRT  SSIM4  LPIPS |
v x x 27.98 0.889 0.161
x v x 25.53 0.839 0.169
v v X 28.01 0.894 0.164
v v v 28.25 0.906 0.152

Table 2: Ablation study of the hybrid rendering mecha-
nism. We compare the quantitative performance of individ-
ual branches and their combinations on the U-IW Dataset.

right) preserves the full visual quality of the unpruned base-
line (Top left), despite using remarkably fewer Gaussians.
The total number of Gaussians can be reduced up to 3.2x.
We also analyze the impact of different pruning threshold k&
settings on the final number of Gaussian primitives and the
resulting rendering quality, as shown in Fig. 5(Bottom).
Effectiveness of loss functions. We ablate our loss com-
ponents on the U-IW dataset, showing that each term pro-
gressively improves performance. As reported in the ta-
ble of Fig. 6, adding the medium-aware density loss L4 to
the principle reconstruction loss L., enhances foreground-
background separation. The exposure regularization loss
Lgyp further boosts structural similarity. Our full loss for-
mulation achieves the top results across all metrics, demon-
strating an effective balance of reconstruction quality and
robustness. Fig. 6 visualizes the qualitative comparison re-
sults in different loss configurations.

Conclusion

We introduced AquaSplatting, a novel hybrid framework for
high-fidelity, real-time reconstruction of underwater scenes.
Our dual-branch architecture, which leverages 3DGS for ob-
jects and an MLP for the water, has proven to be highly ef-
fective. Key elements include a neural hybrid rendering to
fuse branches and an EBP strategy for greater efficiency and
artifact reduction. Extensive experiments indicate our ap-
proach achieves SOTA performance, delivering reconstruc-
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Figure 5: Our EBP strategy can reduce the total number of
Gaussians by a factor of up to 3.2x with only a negligible
impact on visual fidelity.

All losses

Configuration PSNR1 SSIM?T LPIPS |

Lyec 29.82 0.901 0.162
Lrec + La 29.98 0.910 0.157
Lyec+Lqg+ LEzp 3018 0919 0.142
All losses 30.32 0.933 0.136

Figure 6: Qualitative and quantitative comparison of ablated
loss configurations on the SeaThru-NeRF validation set.

tions with superior clarity and geometric accuracy.

Limitations & Future Work. Like most multi-view recon-
struction techniques, our method requires accurate camera
poses as input. Underwater conditions pose practical chal-
lenges, as factors such as light refraction and low illumina-
tion often impair the effectiveness of standard camera local-
ization systems. We aim to expand our framework for larger-
scale scenes with mixed media, such as water and fog, mark-
ing a crucial step toward solid 3D scene comprehension in
complex environments.
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