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Abstract

We introduce OceanSplat, a novel 3D Gaussian Splatting-
based approach for high-fidelity underwater scene recon-
struction. To overcome multi-view inconsistencies caused by
scattering media, we design a trinocular setup for each cam-
era pose by rendering from horizontally and vertically trans-
lated virtual viewpoints, enforcing view consistency to facil-
itate spatial optimization of 3D Gaussians. Furthermore, we
derive synthetic epipolar depth priors from the virtual view-
points, which serve as self-supervised depth regularizers to
compensate for the limited geometric cues in degraded un-
derwater scenes. We also propose a depth-aware alpha ad-
justment that modulates the opacity of 3D Gaussians during
early training based on their depth along the viewing direc-
tion, deterring the formation of medium-induced primitives.
Our approach promotes the disentanglement of 3D Gaussians
from the scattering medium through effective geometric con-
straints, enabling accurate representation of scene structure
and significantly reducing floating artifacts. Experiments on
real-world underwater and simulated scenes demonstrate that
OceanSplat substantially outperforms existing methods for
both scene reconstruction and restoration in scattering media.

Project Page — https://oceansplat.github.io

Introduction

Underwater scene reconstruction is essential for several ma-
rine robotics tasks, including seafloor mapping (Kapoutsis
et al. 2016; Liu et al. 2020; Joshi et al. 2022), ecological
monitoring (Marre et al. 2019; Girdhar et al. 2023), and
subsea infrastructure inspection (Fang et al. 2023; Huang
etal. 2025a). While visual data can generally support robotic
operations effectively, the underwater optical properties,
such as wavelength-dependent attenuation (Akkaynak et al.
2017), scattering (McGlamery 1980; Jaffe 2002; Chen et al.
2021b), and low illumination (Marques and Albu 2020), sig-
nificantly degrade perceptual cues (Yu et al. 2023; Zhang,
Yuan, and Cai 2024) and hinder the deployment of vision-
based autonomous systems (De and Pedersen 2021). Con-
sequently, achieving geometric understanding and spatial
representation from this low-quality imagery is essential
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Figure 1: OceanSplat overcomes scattering and attenuation ef-
fects through trinocular view consistency, preserving object struc-
ture and enabling high-quality underwater 3D reconstruction.

for practical operation of autonomous platforms. Although
advances in remotely operated vehicles (ROVs) and au-
tonomous underwater vehicles (AUVs) have greatly enabled
the acquisition of large-scale underwater imagery (Wynn
et al. 2014), leveraging this data for scene representation
remains highly challenging due to adverse visual condi-
tions (Beall et al. 2010; Huang et al. 2025a). To address
these issues in underwater perception, the use of Neural
Radiance Fields (NeRF) (Mildenhall et al. 2020) and 3D
Gaussian Splatting (3DGS) (Kerbl et al. 2023), which have
shown strong capability in 3D reconstruction, has emerged
as a promising direction. However, these methods rely on
assumptions tailored to in-air image acquisition, motivat-
ing recent research to integrate underwater image formation
model (Akkaynak and Treibitz 2019).

NeRF-based methods (Sethuraman, Ramanagopal, and
Skinner 2023; Zhang and Johnson-Roberson 2023; Levy
et al. 2023; Ramazzina et al. 2023; Tang et al. 2024) extend
their volumetric rendering framework by integrating light-



transmitting physics and scattering phenomena. However,
these methods implicitly represent both object and backscat-
ter components, which impedes accurate geometric repre-
sentation and also results in slow rendering speed. More re-
cently, 3DGS-based methods (Yang, Leonard, and Girdhar
2024; Li et al. 2024a; Wang et al. 2024) have been adapted
for underwater environments, benefiting from their supe-
rior rendering performance and fast training. Despite notable
progress in these studies, medium intensity is often absorbed
into the 3D Gaussians, leading to numerous floating artifacts
and degrading reconstruction quality.

Unlike previous approaches, our goal is to robustly re-
cover scene geometry in underwater environments subject
to scattering and attenuation, without depending on external
geometric supervision. To this end, we propose OceanSplat:
Object-aware Gaussian Splatting for geometrically con-
sistent underwater scene reconstruction. Our method en-
forces trinocular view consistency across translated camera
views along two orthogonal axes, resolving multi-view in-
consistencies and effectively guiding 3D Gaussians to align
with the scene structure. Additionally, we derive a synthetic
epipolar depth prior through triangulation between the trans-
lated viewpoints and leverage it for self-supervised depth
regularization. Furthermore, we apply a depth residual loss
that constrains the z-component of each 3D Gaussian to-
ward the alpha-blended depth to reduce floating artifacts.
We also propose a depth-aware alpha adjustment that reg-
ulates the transparency of 3D Gaussians during the early
stages of training based on their z-component and viewing
direction, thereby discouraging the formation of medium-
induced primitives. As shown in Figure 1, our method im-
proves geometric accuracy for object representation under
challenging scattering conditions by preventing the entan-
glement of 3D Gaussians with the scattering medium. Our
key contributions are outlined in the following points:

* We propose OceanSplat, a novel underwater scene re-
construction method leveraging 3D Gaussian Splatting,
which employs trinocular view consistency to align 3D
Gaussians with scene geometry in scattering media.

* We introduce synthetic epipolar depth priors derived
from translated virtual viewpoints via triangulation, en-
abling self-supervised depth regularization.

* We propose a depth-aware alpha adjustment that regu-
lates the opacity of 3D Gaussians during the early train-
ing stage, suppressing medium-induced primitives.

e QOur approach surpasses existing state-of-the-art meth-
ods in both qualitative and quantitative evaluations across
real-world and simulated datasets.

Related Work

Underwater Scene Reconstruction Underwater scene
reconstruction aims to represent precise scene structure
and restore true color despite severe light attenuation and
scattering. Initial approaches jointly estimated medium-
dependent attenuation during reconstruction (Skinner, Iscar,
and Johnson-Roberson 2017) and exploited global context
with active labeling for sonar-based modeling (DeBortoli
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et al. 2018). Subsequent works (Sethuraman, Ramanagopal,
and Skinner 2023; Zhang and Johnson-Roberson 2023; Tang
et al. 2024) embed physics-based underwater light trans-
port and scattering into NeRF (Mildenhall et al. 2020) to
jointly recover geometry and true color appearance. Seathru-
NeRF (Levy et al. 2023) leverages the SeaThru image for-
mation model (Akkaynak and Treibitz 2019) within NeRF to
successfully achieve novel view synthesis in real-world un-
derwater scenes. ScatterNeRF (Ramazzina et al. 2023) uses
inverse rendering, while DecoNeRF (Zhang et al. 2025) em-
ploys pseudo-labeling to disentangle scattering media from
scene content and restore clear views in foggy scenes. Al-
though these methods significantly improve reconstruction
quality, they are often hindered by slow rendering speed and
high memory consumption. Recently, 3DGS (Kerbl et al.
2023) has gained increasing attention for underwater scene
reconstruction. SeaSplat (Yang, Leonard, and Girdhar 2024)
incorporates underwater physics into 3D Gaussians to im-
prove color restoration and structural fidelity, while Water-
Splatting (Li et al. 2024a) combines implicit medium mod-
eling with explicit object representation for efficient, high-
quality reconstruction. UW-GS (Wang et al. 2024) further
enhances geometry using pseudo-depth priors from founda-
tion models (Yang et al. 2024). Despite these advances, ex-
isting 3DGS-based methods have difficulty recovering accu-
rate scene structure in underwater environments.

In contrast, our method enforces a trinocular view consis-
tency constraint that enhances the spatial coherence of 3D
Gaussians, and leverages self-supervised depth regulariza-
tion based on epipolar geometry to achieve geometrically
accurate underwater scene reconstruction.

Multi-View Stereo Multi-view stereo (MVS) algorithms
reconstruct detailed 3D geometry by leveraging images
acquired from multiple calibrated viewpoints. Early ap-
proaches employed voxelization (Kutulakos and Seitz
2000), dense point clouds (Furukawa and Ponce 2009), and
depth maps (Galliani, Lasinger, and Schindler 2015; Schon-
berger and Frahm 2016). In the deep learning era, MVS-
Net (Yao et al. 2018) introduced cost volumes to form
geometry-aware 3D representations, greatly enhancing ac-
curacy. Building upon these advancements, MVS has been
integrated into neural rendering (Mildenhall et al. 2020;
Kerbl et al. 2023), where NeRF-based methods (Chen et al.
2021a; Wang et al. 2021; Fu et al. 2022; Wu et al. 2025) uti-
lize these concepts for surface reconstruction, while 3DGS-
based approaches (Chen, Li, and Lee 2023; Guédon and
Lepetit 2024; Huang et al. 2024; Chung, Oh, and Lee 2024;
Chen et al. 2024a,b; Liu et al. 2024; Li et al. 2024b; Huang
et al. 2025b) harness multi-view relationships to enhance ge-
ometric fidelity. Among these, recent efforts (Safadoust et al.
2024; Han et al. 2024) have demonstrated promising re-
sults by constructing virtual stereo pairs to enforce binocular
stereo consistency, effectively regularizing 3D Gaussians.

To better address geometric ambiguities inherent to scat-
tering media, we extend binocular stereo vision to a trinocu-
lar configuration by introducing a vertically translated cam-
era, facilitating spatial optimization of 3D Gaussians.
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Figure 2: Overview of OceanSplat. We enforce trinocular
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view consistency by inverse warping rendered images from two

translated camera poses to guide the spatial optimization of 3D Gaussians. From these poses, we derive a synthetic epipolar

depth prior via triangulation, which provides self-supervised

geometric constraints. Additionally, depth-aware alpha adjustment

suppresses erroneous 3D Gaussians early and aligns rendered depth with the Gaussian z-component to prevent floating artifacts.

Preliminaries

3D Gaussian Splatting

3D Gaussian Splatting (Kerbl et al. 2023) models a scene
with anisotropic 3D Gaussian primitives, each parameter-
ized by a center position u € R3, covariance matrix ¥ €
R3*3, color ¢, opacity a, and view-dependent appearance
modeled by spherical harmonics. Each 3D Gaussian defines
its spatial influence at a point X € R? centered at i as:

G(X) = ¢ 2= (X,

ey
For rendering, 3D Gaussians are projected onto 2D screen-
space and composited via alpha-blending of N primitives
that are sorted by depth and overlap at each pixel:

N i—1
C:ZE"ai'Cia Ti:H(lfaj)v
i=1 j=1

where C, N, and T; denote the rendered color, the number of
3D Gaussians intersected by the ray, and the transmittance,
respectively. Then, 3D Gaussians are optimized via an L1
loss combined with D-SSIM on the rendered images.

@

Underwater Image Formation Model

To render a 3D underwater scene, the image formation
is guided by the revised underwater image formation
model (Akkaynak and Treibitz 2018), which decomposes
the observed image into a direct component attenuated by
the medium with respect to depth z, and a backscatter com-
ponent accumulated along the viewing direction, as follows:

C _ COb] . e—Ga"n'Z +C°° . (l - e_GbS,Z) ’ (3)

where C°, C, 6™ and ¢ denote the unattenuated ob-
ject color, the asymptotic backscatter color, the attenuation
coefficient, and the backscattering coefficient, respectively.

Methodology

Figure 2 shows the overall architecture of our method. We
begin by initializing 3D Gaussians from a collection of RGB
images 1 € RP>*W>3 "along with their corresponding cam-
era intrinsics K € R3*3 and extrinsic parameters P € R**4,
which represent the homogeneous transformation matrix, re-
covered using Structure-from-Motion (SfM) (Schonberger
and Frahm 2016). We model medium properties along the
ray T using an MLP @4, following (Li et al. 2024a), which
directly predicts attenuation 6™, backscattering ¢, and
medium color ¢™¢ as follows:

Gattn’ O_bs, cmed — ¢med(i:)~ (4)
Subsequently, by integrating Eq. (2) with Eq. (3), the con-
tributed colors of the objects and medium along the ray in
underwater scenes are formulated as follows:
N i—1
Cobj _ Z T-Obj O c; - e,o-altnzl_ ]
1 9

™ =T](1-a), ©
i=1 j=1
GbSZN

(6)

(e e w07, ()

oo bi _
C :Tﬁj'cmed@

obj
T,' *Cmed *

-y
Cme — |:
i=1
where C°PJ, ¢med C= and T°% denote the pixel-wise col-
ors of the object, medium, background medium, and repre-

sent the transmittance of 3D Gaussians, respectively. Here,
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Figure 3: Pixel-wise color contributions across translated
camera views in 3D Gaussian Splatting.

the object refers to physical structures submerged in water,
while the medium represents the water itself. Based on this
rendering framework, we describe our proposed methods for
robust 3DGS-based underwater scene reconstruction.

Trinocular View Consistency

We propose a trinocular stereo framework for 3DGS to im-
prove object representation in scattering media. While prior
works (Safadoust et al. 2024; Han et al. 2024) use only
binocular stereo consistency, we show that a vertically trans-
lated viewpoint provides orthogonal constraints that com-
plement horizontal stereo for 3D Gaussians. As shown in
Figure 3, view-dependent sampling in alpha-blending often
causes inconsistencies under minor viewpoint changes. Fur-
thermore, previous stereo matching studies (Okutomi and
Kanade 1993; Imran et al. 2020; Shamsafar and Zell 2021)
have shown that multi-baseline stereo surpasses single-
baseline methods in accuracy and robustness. Inspired by
these observations, we enforce trinocular view consistency
with orthogonal baselines of varying lengths to better regu-
larize the spatial position of 3D Gaussians.

From a given camera pose P,, we obtain the rasterized

object and medium components, denoted by 12 and Imed,
respectively. We define two virtual viewpoints by translating
P, along the horizontal /& and vertical v axes as:

I t I t
Ph:|:0T Ih:|PCJ PV:|:0T lv:|PC>

where 1 is the 3 x 3 identity matrix, t;, = (b,0,0)" and
t, = (0,b,,0) " are translation vectors defining the horizon-
tally and vertically translated camera poses P, and P,, re-
spectively, with by, b, € R denoting the baseline distances.
Using these poses, we render two images I;:bj and I from
viewpoints P, and P,. We then apply disparity-based inverse
warping to the rendered images. Let D, € R¥*W>1 be the
rendered depth map from F,. Based on stereo geometry, the
horizontal and vertical disparity maps are computed as:

b b,
hixy) = s dny) = P

®)

©))
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where f, f, € R denote the focal lengths in the horizontal
and vertical directions. The disparity maps dj,,d, € RF*Wx1
are used to align the images rendered from the translated vir-
tual viewpoints to the original view, and (x,y) denotes the
spatial pixel coordinates. Then, the rendered images from
the virtual viewpoints, I;Zb] and I, are inverse warped using
disparity maps dj, and d,, respectively, in the direction oppo-
site to the virtual camera shift, aligning them with the cen-
tral image rendered from P.. The resulting inverse warped

Iv—]m(X,y) = I\?bj(xa y*dv(X,Y))v

images I;EC,I%C € RFXWx3 gre defined as:
obj _qobj, .
{ I}(,)?C(x7y) _Ih '(X dh(xvy)a y)a (10)

where dj, d, € RT*W denote the horizontal and vertical dis-
parities. To reconstruct the complete scene, the shifted object
images are composited with the medium component /"¢ as:

I =12 4 med,

I = 1,‘1’30 T (11)
I e = ;)%Jc "l‘I?wd'

Afterward, to emphasize dark regions as perceived in hu-
man vision, we follow prior studies (Mildenhall et al. 2022;
Levy et al. 2023; Li et al. 2024a), and employ a regularized
L1 loss Lg,1 defined as:

1

L Il(x7y)_12('x7y)
HW X

Lrpi(h,b) =
RLl( 8] 2) Sg(lc(xay))+e

;o (12)

where sg(-) and € denote the stop-gradient operator and a
small constant for numerical stability, respectively. This loss
enforces object consistency across rendered images and pho-
tometric alignment with the ground truth I as follows:

bi . . .
Lobj-stereo = L1 (£, 1) + L L1 (1N, 1), (13)
qull—stereo = LR—L] (Ih*)(,‘a Igt) + LR—LI (1\/—)03 Igt)~ (14)

In addition, we define the smoothness loss for horizontal and
vertical disparities as follows:

: Y Y (Vid-e Vel 15

Lsmooth = 75
HW de{dy,dy} XY ke{hv}

where V}, denotes the directional gradient along k-axis and ¥
is a weighting factor, respectively. Finally, the overall trinoc-
ular view consistency loss is defined as:

Ltri = Lobj—stereo + qull—stereo + Lsmooth- (16)

Synthetic Epipolar Depth Prior

To enhance geometric alignment, we introduce a synthetic
epipolar depth prior Dep;, derived via triangulation between
the translated viewpoints. For reliable correspondences in
triangulation, we use 3D Gaussians sampled from the in-
tersection of the view frusta of all trinocular camera views,
with opacity above 7. Each selected Gaussian is projected
onto the image planes of P, and P, via projection matrices
M;,,M, € R>*4, producing screen-space points X;l,Xf, € R2.
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Figure 4: Qualitative evaluation of novel view synthesis on diverse real-world underwater 3D scenes.

Let the homogeneous coordinates be %} = [x;",1] " € R and
X = [XT ] € R*. We apply epipolar geometry to the pro-
jected correspondences, which yields a homogeneous linear
system A;X; = 0, where A; € R*** stacks the constraints
from both views. To solve it stably, we rewrite it in the least-
squares form:

X -

a7

where Al € R**? and b; € R* are obtained by separating the
last column of A;. The triangulated point X; is transformed
to the central camera frame via extrinsics R. € R¥3, t.
IR3, and the depth prior is defined as the z-component:
Depi = [RXi+t.] . (18)

After that, we apply an edge-aware Log-L1 loss (Turku-
lainen et al 2025) using Dep; as follows:

Lo = 7 xgyke{zh }log<1—|— D~ Deyi[ ) -¢

- ]vklc

, (19)

where D/C denotes the depth sampled at the same spatial lo-
cations as Depi. Through this approach, we enforce depth
regularization in a self-supervised manner.

Depth Residual Loss

Overly dispersed 3D Gaussians along a camera ray may
cause those far from the actual surface to appear as float-
ing artifacts in novel views. To alleviate this issue, we apply
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a depth residual loss that aligns the rendered depth with the
z-component of individual 3D Gaussians. This residual loss
is computed as follows:
1N
Lies = N/ Z |D Xz Zl| s

where N’ denotes the number of 3D Gaussians located
within the camera view frustum, D, (x;) is the rendered depth
via alpha-blending at pixel location x;, and z; is the camera-
space z-component of the corresponding 3D Gaussian.

(20)

Depth-aware Alpha Adjustment

In scattering media, misplaced 3D Gaussians acquire
medium-colored contributions that appear as floating arti-
facts in novel views. To tackle this challenge, we introduce a
depth-aware alpha adjustment. During the adjustment stage
t < tq, the adjusted opacity ¢ is used for rasterization and is
formulated as a weighted sum of the original opacity ¢; and
the depth-aware opacity Ocid as follows:

=(1-woitwea! o =¢a(oz,5), @D
where ¢, is the MLP and V; is the viewing direction vector.
Note that, after transition step z,, the weight w is decayed
to zero to eliminate inference-time overhead. This approach
adaptively adjusts the transparency of each 3D Gaussian us-
ing depth and viewing direction cues, suppresses their opac-
ity in scattering-heavy directions, and promotes the pruning
of suboptimal 3D Gaussians.



SeaThru-NeRF In-the-Wild
Method Curagao Panama JapaneseGardens-Redsea 1UI3-Redsea Coral Composite
PSNR 1 SSIM 1LPIPS |[PSNR 1SSIM 1LPIPS |[PSNR 1SSIM 1 LPIPS | PSNR 1 SSIM 1LPIPS |[PSNR 1SSIM 1LPIPS |[PSNR 1SSIM 1LPIPS |

SeaThru-NeRF 30.86 0.869 0.216 | 28.41 0.833 0.219 | 22.34 0.763 0.263 | 27.27 0.791 0.293 | 2528 0.732 0.315 | 24.15 0.722 0.315
SeaThru-NeRF-NS| 28.58 0.907 0.145 30.60 0.935 0.086 23.11 0.866 0.148 | 29.00 0.885 0.133 | 27.60 0.882 0.119 | 20.14 0.732 0.338
3DGS 28.92 0.881 0.202 | 2935 0.899 0.137 | 21.03 0.859 0.205 | 2248 0.832 0.258 | 29.11 0.906 0.112 | 26.94 0.877 0.164
SeaSplat 29.77 0.898 0.172 | 28.65 0.904 0.114 | 23.07 0.875 0.155 | 27.23 0.868 0.183 | 28.41 0.897 0.125 | 26.22 0.866 0.156
WaterSplatting 3232 0954 0.119 31.71 0.946 0.078 24.77 0.897 0.119 | 29.84 0.890 0.201 | 28.19 0.877 0.160 | 2547 0.849 0.177
Ours 3456 0.961 0.113 3274 0.957 0.072 2535 0.908 0.114 | 30.17 0913 0.183 | 29.15 0.909 0.105 | 26.39 0.883 0.128

Table 1: Quantitative evaluation of novel view synthesis performance on real-world underwater scenes compared with repro-
ducible prior methods. Ist, 2nd , and 3rd indicate performance ranking.

Underwater Foggy
Method PSNR + SSIM 1 LPIPS | |PSNR 1 SSIM T LPIPS |
Novel View Synthesis
SeaThru-NeRF-NS 1894 0.669 0.359 | 23.04 0.724 0.280
SeaSplat ‘ 1562 0.750 0.247 | 27.52 0.831 0.137
WaterSplatting 28.12 0.858 0.094 | 28.45 0.860 0.097
Ours 28.80 0.871 0.085 | 29.12 0.873 0.089
\ Scene Restoration
SeaThru—NeRF—NS\ 12.54 0.544 0.400 | 14.87 0.605 0.303
SeaSplat 17.15 0.719 0.179 | 19.84 0.744 0.153
WaterSplatting 18.39 0.748 0.141 19.40 0.770 0.129
Ours 17.16  0.768 0.138 | 20.17 0.791 0.114

Table 2: Quantitative evaluation of novel view synthesis and
scene restoration performance on simulated scenes.

Training Objective

We adopt the photometric loss as follows:
Lohoto = (1 = As)Lr-L1 (I, Igr) + AsLr-ssiv (I, Lgr ),

where Lg_sspm and A denote the Regularized SSIM loss (Li
et al. 2024a) and its corresponding weight, respectively, with
As = 0.2. In addition to the baseline, we incorporate our pro-
posed components into the final training objective:

(22)

Liotal = Lphoto + ;lmriLtri + ;‘vepiLepi + /’Lreeresa (23)
where Agi, Acpi, and Ar are the weights of the proposed loss
terms. We empirically set A = 0.1 and A5 = 0.01, while
Acpi is annealed from 0.4 to 0.2.

Experiment
Datasets and Metrics

We evaluate underwater scene reconstruction on four scenes
from SeaThru-NeRF dataset (Levy et al. 2023) and two
scenes from In-the-Wild dataset (Tang et al. 2024). In addi-
tion, to evaluate scene restoration performance, we generate
simulated underwater and foggy scenes using the Fern scene
from the LLFF dataset (Mildenhall et al. 2019). We simulate
underwater scenes following previous methods (Levy et al.
2023) using normalized depth obtained from a depth foun-
dation model (Yang et al. 2024) with fp = [1.3, 1.2, 0.9],
Bs=10.95, 0.85, 0.7], and B.. = [0.07, 0.2, 0.39]. For foggy
scenes, we use fp = [0.5, 0.5, 0.5] and g = B = 1.2. To
validate our method, we compare scene quality using PSNR,
SSIM (Wang et al. 2004), and LPIPS (Zhang et al. 2018).
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Figure 5: Qualitative comparison of scene reconstruction
and restoration in underwater and foggy environments.

Implementation Details

Our method builds on Nerfstudio (Tancik et al. 2023),
and employs a TCNN-based MLP (Miiller 2021). We
use 7K/3K training steps for densification/finetuning on
SeaThru-NeRF (Levy et al. 2023) and simulated datasets,
and 10K/5K steps on In-the-Wild (Tang et al. 2024). At each
iteration, b, is sampled from [—0.4,0.4], and by, is set to
1.5b,. We enable Ly; and Lep; during iterations 4K—8K and
6K-12K for 10K and 15K training steps, respectively. The
7o, for synthetic epipolar depth is set to 0.8. The input resolu-
tion is increased from x1/4 to x1/2 at 1/5 of total training
steps, and from x1/2 to full resolution at 2/5 to boost the
training process. For depth-aware alpha adjustment, w is set
to 0.5 for t < t4 and is decayed to O at #,. We set the transi-
tion step #o to 4K and 10K for 10K and 15K training steps,
respectively. All experiments use a single RTX A6000.

Performance Comparison

Real-world Underwater Scenes We evaluate OceanSplat
with previous methods, including the official and Nerfstu-
dio versions of SeaThru-NeRF (Levy et al. 2023), as well
as 3DGS (Kerbl et al. 2023), SeaSplat (Yang, Leonard, and
Girdhar 2024), and WaterSplatting (Li et al. 2024a). All
results were reproduced using the publicly released code.
As shown in Table 1, OceanSplat achieves superior perfor-
mance in novel view synthesis across most real-world un-
derwater scenes. On the SeaThru-NeRF dataset (Levy et al.
2023), OceanSplat outperforms the previous state-of-the-
art, WaterSplatting (Li et al. 2024a), and SeaThru-NeRF-



Method Training | FPS 1 Memory (GB) |
SeaThru-NeRF 18h25m 0.10 37.7
SeaThru-NeRF-NS 3h2lm 0.29 15.1
3DGS 22 m 150.28 3.7
SeaSplat 51m 90.05 6.0
WaterSplatting 10 m 88.19 5.8
Ours 19m 85.67 7.6

Table 3: Comparison of training time, rendering speed
(FPS), and memory consumption with prior methods.

NS (Levy et al. 2023) by average PSNR margins of 1.05 dB
and 2.88 dB, respectively. On the In-the-Wild dataset (Tang
et al. 2024), OceanSplat reduces the average LPIPS by 0.021
compared to 3DGS and surpasses SeaSplat (Yang, Leonard,
and Girdhar 2024) with average gains of 0.46 dB in PSNR
and 0.014 in SSIM, along with a 0.024 reduction in LPIPS.

Figure 4 compares RGB and depth renderings across three
underwater scenes. In the Curagao scene, prior methods suf-
fer from degraded reconstructions due to floating artifacts,
whereas our method models the 3D scene with significantly
fewer floating artifacts and accurate object representation. In
J.G-Redsea scene, prior methods yield plausible RGB im-
ages but their depth maps reveal erroneous 3D Gaussians in
water regions. In contrast, our method maintains consistent
geometry throughout. In the Coral scene, most prior meth-
ods (Levy et al. 2023; Kerbl et al. 2023; Yang, Leonard, and
Girdhar 2024) fail to capture fine-grained coral structures,
and WaterSplatting (Li et al. 2024a) shows geometry loss
and depth holes, while ours reconstructs a faithful 3D scene.

We additionally compare training time, inference FPS,
and VRAM usage with prior methods. As shown in Table 3,
our method trains faster and consumes less memory than
SeaThru-NeRF (Levy et al. 2023), while remaining compet-
itive among 3DGS-based approaches. Compared to Water-
Splatting (Li et al. 2024a), our method requires more raster-
izations per iteration and least-squares solving for the syn-
thetic epipolar depth prior, resulting in longer training time
per-iteration. Nevertheless, it trains over x 2 faster than Sea-
Splat (Yang, Leonard, and Girdhar 2024) while retaining
comparable inference speed to other 3DGS-based methods.

Simulated Scattering Scenes We compare the scene
reconstruction and restoration performance of SeaThru-
NeRF-NS (Levy et al. 2023), SeaSplat (Yang, Leonard, and
Girdhar 2024), WaterSplatting (Li et al. 2024a), and our
proposed OceanSplat using a simulated dataset. As shown
in Table 2, for the novel view synthesis task, OceanSplat
achieves an average PSNR improvement of 7.39 dB over
SeaSplat (Yang, Leonard, and Girdhar 2024) and 0.67 dB
over WaterSplatting (Li et al. 2024a). For scene restora-
tion, our method also demonstrates superior performance,
yielding average SSIM gains of 0.048 over SeaSplat (Yang,
Leonard, and Girdhar 2024) and 0.021 over WaterSplat-
ting (Li et al. 2024a). Figure 5 shows that, in both simulated
scenes, previous methods assign 3D Gaussians to the scat-
tering medium (e.g., ceilings or walls), resulting in restora-
tion holes, whereas our method accurately represents scene
structures in both underwater and foggy scenes.
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Configuration | PSNR 1 SSIM{  LPIPS |
Full Model 34.56 0.961 0.113
W/0 Lyes 34.30 0.960 0.115
w/o Lep; 33.82 0.959 0.120
W/0 Ly 33.20 0.957 0.115
wlo a? 33.90 0.960 0.116

Table 4: Ablation study demonstrating the effectiveness of
each component in our method.

Configuration | PSNRT SSIM? LPIPS | | Training |

Baseline  (P.) 32.20 0.954 0.120 9m
Binocular  (P.+PB,) 33.62 0.957 0.119 13m
Trinocular (P.+P,+Py) | 33.72 0.957 0.118 16m
Trinocular (P.+P,+P,) 33.91 0.958 0.115 16m

Table 5: Ablation study on stereo configurations, comparing
the impact of horizontally and vertically translated camera
poses on performance and training time.

Ablation Study

In Table 4, we evaluate the effectiveness of each compo-
nent on the Curagao scene. Removing Ly yields the largest
PSNR drop, confirming that trinocular view consistency
guides spatial optimization of 3D Gaussians, enabling struc-
turally coherent novel view synthesis. Excluding Le; signifi-
cantly increases LPIPS, validating our self-supervised depth
regularization in underwater scenes with a lack of geomet-
ric cues. Omitting L.cs and depth-aware opacity a? degrades
overall quality, highlighting their role in mitigating medium
entanglement through reduced depth ambiguity.

Table 5 compares rendering performance and training
time across different stereo configurations, including the
baseline (Li et al. 2024a). Binocular stereo setup (P, + Fj)
improves over baseline, while adding another horizontal
stereo view (P. + P, + Py) provides minimal gain despite
longer training. In contrast, introducing vertical disparity
(P.+ P, + P,) achieves a 0.29 dB increase in PSNR over the
binocular setup. This shows that using horizontally and ver-
tically translated camera poses enhances performance with-
out compromising training time, as shown in Figure 3.

Conclusion

We introduce OceanSplat, a novel framework for enhancing
geometric consistency in underwater scene reconstruction.
Primarily, we impose trinocular view consistency across
horizontally and vertically translated virtual viewpoints, ef-
fectively aligning 3D Gaussians with scene structure. In ad-
dition, we introduce synthetic epipolar depth priors derived
via triangulation of correspondences from the translated
viewpoints, enabling self-supervised depth regularization.
Lastly, we propose a depth-aware alpha adjustment that uses
depth and viewing direction to suppress medium-induced
floating artifacts. Through these contributions, OceanSplat
achieves high-fidelity underwater scene reconstruction. Fu-
ture work will focus on addressing non-rigid object repre-
sentations and eliminating the dependence on SfM, thereby
broadening the applicability to dynamic underwater scenes.
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