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Abstract. We propose SMP-UWGS, an underwater reconstruction frame-
work based on 3D Gaussian Splatting (3DGS) that couples scalable
multi-partition geometry with physical light transport modeling. Our
method introduces two key components: SMP-GAUSSIAN, a multi-partition
architecture enabling distributed optimization for large-scale scenes, and
DPR-Net (Differentiable Physical Rendering Network), which combines
WaterParamPredict module for estimating water optical parameters with

a Dual-Branch Differential Refinement (DBDR) module to model atten-
uation and backscattering. With tailored loss functions, the framework
jointly estimates water optical parameters and improves color fidelity
and geometric accuracy. Experiments on public datasets show that SMP-
UWGS achieves state-of-the-art efficiency while enabling scalable, high-
fidelity underwater reconstruction, benefiting applications such as ecolog-
ical monitoring, habitat mapping, and autonomous underwater robotics.
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1 Introduction

The ocean covers the vast majority of Earth’s surface, yet its underwater realm
remains one of the planet’s most immense visual frontiers. Thousands of under-
water sites and incidents require detailed mapping annually, ranging from the
UNESCO-estimated millions of shipwrecks and archaeological sites to the thou-
sands of marine casualties reported by the IMO. These urgent needs in archae-
ology, safety, and ecological monitoring drive the critical demand for large-scale,
high-fidelity underwater 3D reconstruction.

Neural rendering has revolutionized scene reconstruction, with NeRF |27] en-
abling detailed geometry recovery via continuous volumetric fields, and 3D Gaus-
sian Splatting (3DGS) [19] offering real-time optimization and rendering through
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Fig. 1: Overview of the SMP-UWGS framework for large-scale underwater reconstruc-
tion. The estimated camera trajectory and sparse geometry are projected onto the XZ
plane for spatial partitioning. An optical compensation module based on DPR-Net is
applied to each partition, and the optimized partitions are integrated into a globally
consistent 3D representation.

explicit anisotropic Gaussian primitives. However, extending these paradigms to
large-scale underwater environments remains challenging.

On one side, physics-aware approaches such as SeaThru-NeRF explic-
itly model wavelength-dependent attenuation and scattering to recover phys-
ically consistent colors. However, their reliance on dense volumetric sampling
and global optimization of optical parameters leads to prohibitive GPU mem-
ory consumption and training time when scaling to large scenes. On the other
side, recent large-scale explicit representations achieve scalability through spa-
tial partitioning and point-based pruning. However, by treating the medium as
uniform air, they neglect the depth-dependent nature of underwater light trans-
port, which results in significant color distortions and degraded reconstruction
quality in deeper regions.

This impasse arises from an overlooked coupling: underwater radiative trans-
port is inherently depth-conditioned and thus inseparable from scene geome-
try. Since attenuation and backscatter depend explicitly on camera-to-surface
distance, spatial partitioning and physical modeling cannot be treated as inde-
pendent stages. A partitioning strategy that ignores depth continuity fragments
the attenuation field, while a global physical model that ignores spatial locality
becomes computationally prohibitive at scale.

To bridge this gap, we argue that scalability and physical consistency must be
jointly optimized rather than sequentially combined. Fig. [I| provides an overview
of the proposed SMP-UWGS framework. We therefore propose SMP-UWGS, a
unified framework that reformulates large-scale underwater reconstruction as
a depth-aware radiative Gaussian learning problem. This formulation necessi-
tates coordinated design across representation, physical modeling, and optimiza-
tion. At the representation level, we introduce a partition-driven Gaussian opti-
mization strategy that enables region-wise training while preserving cross-region
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depth and visibility coherence, ensuring scalability without disrupting geomet-
ric continuity. At the physical modeling level, we embed a depth-conditioned
differentiable light transport formulation directly into the Gaussian primitives.
A two-stage estimation mechanism provides physically consistent initialization
of attenuation and backscatter, followed by joint refinement to maintain radia-
tive balance across depth. At the optimization level, we adopt a hybrid physi-
cal-statistical objective that alternates radiative reconstruction with structural
and optical regularization, stabilizing the simultaneous learning of geometry and
medium properties. Through this unified design, SMP-UWGS treats spatial scal-
ability and underwater light transport as a single constrained learning problem,
rather than independent modules stitched together post hoc.

We conduct comparisons and ablation studies on the SeaThru-NeRF [22],
BVI-Coral [36], and UVEB [39] datasets, as well as our OTNN dataset. Across
all large-scale scenes, SMP-UWGS consistently improves reconstruction fidelity
while reducing memory consumption and training time, achieving state-of-the-
art performance in PSNR, SSIM, and LPIPS.

Our contributions are summarized as follows:

1) We reformulate large-scale underwater reconstruction as a depth-aware ra-
diative Gaussian learning problem and propose a partition-driven Gaussian
representation with cross-region depth and visibility coherence, enabling
scalable optimization while preserving global geometric consistency.

2) We introduce a depth-conditioned differentiable light transport formula-
tion embedded within Gaussian primitives, jointly modeling attenuation and
backscatter to achieve physically grounded radiance recovery.

3) We design a hybrid physical-statistical optimization objective that stabi-
lizes the coupled estimation of geometry and medium properties, ensuring
robust convergence and high-fidelity reconstruction under complex underwa-
ter degradation.

2 Related Works

2.1 Underwater Imaging

Underwater environments often suffer from color cast, image distortion, and
contrast loss due to wavelength-dependent light absorption and scattering [14].
Owing to the similarity between haze and underwater imaging, classical enhance-
ment methods such as the dark-channel prior [15], gray-world assumption |12],
and histogram equalization have been adapted. To better capture underwater
light behavior, several works employ physical modeling, including light propa-
gation [9], radiative transfer theory [11]|, and light reflectance models [9]. The
Revised Underwater Image Formation Model (UIFM) [1] further separates direct
and backscattered components, and has been widely adopted in recent restora-
tion studies [17]/18.|42]. However, single-image enhancement often produces in-
consistent color and geometry, limiting its applicability to 3D reconstruction |33].
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Neural approaches such as SeaThru-NeRF [22] and UW-GS [36] address scatter-
ing effects via physically grounded models, but real-time reconstruction remains
a challenge.

2.2 Large Scene Reconstruction

Large-scale scene reconstruction has evolved from traditional structure-from-
motion (SfM) [30] and multi-view stereo (MVS) [13] to NeRF-based methods
|27]. To improve scalability, Block-NeRF [32] and Mega-NeRF [35] divide scenes
into spatial partitions, while Switch-NeRF [43] adopts a mixture-of-experts de-
sign and Grid-NeRF [40] combines neural and grid-based representations. De-
spite these advances, rendering remains slow and fine details are often lost. The
emergence of 3DGS [19] enabled real-time rendering but faced memory limita-
tions for large scenes. VastGaussian [24] alleviates this through progressive spa-
tial partitioning and parallel optimization, achieving high-fidelity reconstruction
at urban scale [25|. Appearance variations are further managed by decoupled
modeling—NeRF-W [26] introduces appearance embeddings, while VastGaus-
sian |24] applies a CNN-based photometric correction during training. Overall,
these studies highlight a trend toward integrating physical modeling with scal-
able optimization for large, dynamically lit environments [31,37].

2.3 3D Gaussian Splatting

3DGS has emerged as an explicit and efficient representation for 3D scenes, en-
abling high-fidelity real-time rendering [19]. Unlike NeRF [27], which rely on
implicit volumetric sampling and suffer from slow optimization, 3DGS models
scenes with trainable Gaussian primitives for fast rasterization [7]. Advances
in this field include multiscale anti-aliasing [3}/4], grid-based acceleration [5,/6],
deblurring techniques [8,[21], and compact or dynamic extensions [23}38]. How-
ever, 3DGS remains challenged in scattering media. To address this, methods
such as scatterNeRF [28] and SeaThru-NeRF [22] integrate physical light mod-
els for foggy and underwater scenes, while UW-GS [36] adapt 3DGS with color
appearance modeling and volumetric light transport. These efforts demonstrate
the versatility of 3DGS, yet underline its need for domain-specific adaptation in
complex optical environments.

3 Method

This section presents an extended 3DGS framework that integrates a physi-
cal light transport model for scalable underwater reconstruction. Specifically,
Subsection 3.1 introduces a scalable multi-partition Gaussian architecture for
memory-efficient large-scene modeling. Subsection 3.2 presents DPR-Net, a dif-
ferentiable physical rendering module consisting of WaterParamPredict and Dual-
Branch Differential Refinement (DBDR) for attenuation and backscatter com-
pensation. Finally, Subsection 3.3 describes the loss functions used for stable
underwater optimization.
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Fig. 2: Visualization of the proposed spatial partitioning strategy on the MingWreck2
scene (OTNN dataset): (a) reconstructed 3D point cloud and cameras’ location, (b)
projection onto the XZ plane, (c) camera trajectory with initial spatial partitions, and
(d) boundary extension guided by camera poses.

3.1 Scalable Multi-Partition Gaussian Architecture for
Regional-Scale Modeling

As shown in Figure [2] we propose a scalable multi-partition Gaussian architec-
ture for large-scale underwater scene reconstruction, which adapts to complex
camera distributions.

Dynamic Spatial Partitioning Strategy. The reconstruction process begins
by projecting camera coordinates onto the x-z plane, effectively simplifying ver-
tical variations while focusing on horizontal distribution patterns. Given a set of
training cameras C = {cy, ca, . .., cy } with positions p; = (z;, y;, 2;), we first sort
the cameras by their x-coordinate.The sorted camera set is then divided into m
spatial partitions, each containing approximately N/m cameras. To ensure seam-
less transitions between adjacent partitions, we designate the rightmost camera
in each partition as a boundary camera Bt. For each x-axis partition C", we
further refine the spatial division along the z-axis into n sub-regions.The camera
distribution across sub-regions is defined as:

Ci" =CI[Ni/n]-(j—1): [Ni/n] jlfor j=1,....,n—1 (1)

The final sub-region accommodating remaining cameras. This hierarchical
partitioning scheme generates m x n overlapping sub-regions with balanced cam-
era distributions, where shared boundary cameras maintain geometric consis-
tency throughout the reconstruction volume.

Boundary-Aware Region Enhancement. To address potential discontinu-
ities at partition boundaries, we implement a comprehensive region enhance-
ment strategy based on expanded spatial domains. Starting from original parti-
tion boundaries, we generate extended bounding boxes with adaptive expansion

rates:
extend camera bbox = [min —e - w, max+e - w,

§ . (2)
min —e - h, max+e - hj

Edge partitions use an extended rate of 2.0 to enhance boundary coverage,
while internal regions use 1.5, relative to the base extension unit.The architecture
implements a three-tier Gaussian fusion strategy to ensure comprehensive scene
coverage:
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— Global Gaussian Layer: Maintains complete scene representation for global
consistency and coherence.

— Regional Gaussian Layer: Refines local features within extended bound-
aries through Gaussian stitching, defined as Genhanced = Gglobal U Gfocus-

— Neighborhood Gaussian Layer: Ensures explicit boundary continuity
across edge partitions by incorporating adjacent region information.

The effectiveness of local feature enhancement is quantified by the Gaus-
— _|Grocus|
i 2€US ™ [Genhanceal ’ )
Gaussian elements within the enhanced region.

Cross-Partition Coherence Mechanism. To ensure geometric consistency
across partition boundaries, we introduce a visibility-based camera selection
mechanism. Specifically, we project the 3D bounding volume of each partition
onto the image planes of all candidate cameras and compute the visibility cov-
erage rate, denoted as p. We then select cameras that satisfy a global coverage
threshold 7 (i.e., p > 7) to participate in the joint optimization of adjacent par-
titions. To enhance boundary coverage, edge partitions employ a more relaxed
threshold, defined as 7. = 0.37. Consequently, cross-region Gaussian fusion fol-
lows this visibility criterion:

sian focusing ratio rfocus which measures the proportion of focused

Gij={g€Gj|mc(g) €I} (3)

Edge partitions employ relaxed projection ﬂrc?jaxed for extended boundary
handling. The final Gaussian representation for each partition is obtained through
comprehensive deduplication:

N
giﬁ““l = Unique U Gi; UG (4)

j=1

Depth-Aware Region Weighting Strategy. To compensate for depth-dependent
attenuation in underwater scenes, we introduce a region-wise weighting scheme
that integrates visibility and depth statistics into the optimization process.

For each partition ¢, the regional weight is defined as

w; = (Fi + ﬂ) (1 + Tinit IOg(l + d;)) VYgeos (5)

where 7; denotes the average visibility ratio estimated via bounding-box pro-
jection and intersection analysis, 5 = 0.01 prevents degenerate weights, and d
represents the normalized regional depth after scale normalization. 7;,;; controls
the depth amplification strength and provides a stable initialization prior; it is
later refined by the WaterParamPredict network to estimate spatially-varying
attenuation parameters. The geometric factor ~4., enhances sparse boundary
regions (2.0 for corner partitions, 1.5 for edge partitions, and 1.0 otherwise).
The regional depth is computed in camera coordinates as

d; = median{z. | p € P;, 2. > ¢}, (6)
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where z. denotes the depth value in the camera coordinate system. All final
weights are clamped to [0, 1] to ensure numerical stability.

Depth-Adaptive Gradient Modulation. The total objective is defined as
Liotar = Y_; wiL;, Thus, w; directly modulates the effective gradient magnitude
of each region during backpropagation.

Due to underwater attenuation, deeper regions inherently suffer from reduced
signal strength and weaker reconstruction gradients. By assigning larger weights
to deeper partitions, the proposed scheme compensates for attenuation-induced
gradient decay and encourages balanced optimization across depth layers. Shal-
low regions, which are typically well-observed, receive relatively smaller ampli-
fication, preventing overfitting to high-SNR areas. Importantly, this mechanism
achieves depth-adaptive optimization without modifying the internal state of
the optimizer. The underwater image I(z,y) is formed from the radiance field
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Fig. 3: Overview of the DPR-Net pipeline. (a) System Framework: DPR-Net em-
beds into 3DGS to recover underwater radiance. WaterParamPredict initializes optical
parameters from depth, which are then jointly refined by the parallel DBDR module
AttenuateNet + BackscatterNet) to ensure color fidelity. (b) WaterParamPredict Ar-
chitecture: A U-Net backbone enhanced with SE-ResNet encoders and attention-gated
decoders. It regresses nine global optical parameters (84, 8y, Boo) from depth maps to
provide physically consistent initialization.

J(z,y) rendered by 3DGS, with depth z(x,y) affecting light attenuation and
backscattering. The image formation equation is :

I(z,) = J(@,y) - e P05 B () (1 e Plenen) ()
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This differentiable formulation enables gradient propagation from image ob-

servations to both optical parameters and Gaussian primitives within the 3DGS
framework. While the partitioning strategy improves efficiency and preserves
local feature structures, underwater scenes still require dedicated modeling of
depth-dependent attenuation and backscatter. To address this issue, we intro-
duce a physics-guided optical estimation module inspired by SeaThru, termed
DPR-Net (Figure [3|a)). The training process is organized into three progressive
stages: (1) global parameter prediction via WaterParamPredict, (2) local light
transport refinement through DBDR, and (3) partition-accelerated 3D recon-
struction.
WaterParamPredict. WaterParamPredict follows a U-Net architecture [29)
augmented with SE-ResNet units and attention gating to estimate global under-
water optical parameters, including the attenuation coefficient (34, backscatter
coefficient (5, and background light B., from the input depth map. The in-
put depth map is not obtained from an external sensor. Instead, it is rendered
from the current Gaussian representation by projecting Gaussian centers into
the camera coordinate system and using their depth values as rendering colors.
This produces a differentiable depth map that is consistent with the evolving
3DGS geometry.

As illustrated in Figure (b), the encoder employs SE-ResNet modules [16120]
34] to progressively extract depth-aware features while adaptively recalibrating
channel responses. The decoder restores spatial resolution through upsampling
and integrates attention gating [10] to selectively fuse encoder features based on
high-level semantic guidance. This mechanism enables the network to emphasize
regions that are most informative for optical parameter estimation. Finally, con-
volution layers followed by a Sigmoid activation generate the parameter maps,
allowing the model to focus on image regions most relevant to underwater optical
effects.

3.2 Physically-Guided Rendering Pipeline with Differentiable
Optical Parameter Estimation

After two decoding stages, the network maps the fused high-level features to a
9-dimensional vector p = (po,...,ps) through a linear layer, which represents
the RGB attenuation coefficients, backscatter coefficients, and background light
parameters. The physical parameters are then obtained using activation con-
straints:

B4 = softplus(p.), 8y = softplus(pe+s), Bs, = 0(pevs), ¢ €{R,G,B}. (8)

where softplus(-) guarantees positive attenuation and scattering coefficients, and
o(+) bounds the background light within [0, 1].

DBDR. The pretraining stage stabilizes joint optimization by reducing the sen-
sitivity of exponential terms e ?# to optical parameter variations. To address
spatial variations in turbidity and illumination, we introduce a DBDR mecha-
nism, where attenuation and backscatter fields are jointly refined from the global
parameters predicted by WaterParamPredict.
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Specifically, we estimate spatially varying attenuation and backscatter coef-
ficients using a shared convolutional predictor:

[Ba(z, ), By(x, y)] = ReLU(Scale - (W 2(z,y))) (9)

where z(z,y) denotes the depth map and W represents shared convolu-
tional weights producing two-channel outputs corresponding to attenuation and
backscatter coefficients.

3.3 Hybrid Physical-Statistical Loss for Robust Underwater
Optimization

Underwater scene reconstruction is challenged by degradation from light at-
tenuation, backscatter, and turbidity, which introduce ambiguity in recovering
geometry and appearance. To resolve this, we design a hybrid physical-statistical
loss that combines reconstruction fidelity with statistical priors to disambiguate
underwater light transport effects.

We address view-dependent degradation using feature-wise linear modulation
(FiLM). Given an underwater image I,, and a view embedding e; associated with
the ¢-th camera view, the network produces a decoupled image:

I, =F(1,,e) 01, (10)
The physical loss operates on the decoupled output:
L= (1= MNla— Igllr + M1 — SSIM(I4, I4t)) (11)

where Iy denotes the ground-truth image. This formulation separates water-
induced effects from scene content while preserving reconstruction fidelity.

To restore color fidelity and mitigate visibility degradation caused by under-
water light scattering and absorption, we introduce a Physics-Aware Dark Chan-
nel Prior (PA-DCP). Standard DCP often fails in underwater environments by
misinterpreting the naturally attenuated red channel as dense turbidity, leading
to severe color casts (e.g., excessive blue-green ShlftS) To alleviate this issue, we
compute the backscatter-compensated signal J = I — B, where I denotes the
estimated radiance and B represents the backscatter component. Channel contri-
butions are then reweighted using normalized adaptive weights w. o< (85+€) ™",
where 5 denotes the attenuation coefficient of channel c. This reduces the in-
fluence of heavily attenuated channels (typically Red) during dark channel esti-
mation.

Formally, the physics-aware dark channel map Dpy4 is computed as

Dpat) =min (min (7)) (12)

¢ \yen(x)

where §2(x) denotes a local patch. To stabilize the estimation, we impose a color
consistency loss:

Leolor = )\dcp (”ReLU(DPA)Hl + >\neg||ReLU(_DPA)Hsmooth) s (13)
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where the L, term suppresses residual backscatter in the dark channel, while
the Smooth-L; term (Aneg = 1000) penalizes large negative responses caused by
over-compensation.
To improve geometric coherence, we introduce an edge-aware depth smooth-
ness loss:
Laepth = Ad wa,y ||VDo:,y||1 ) (14)

z,Y

where w; , = exp(—||VI;y||) reduces smoothing near strong image gradients.
This encourages locally smooth depth while preserving discontinuities aligned
with image edges.

To handle transparency and background consistency, we incorporate an alpha-
background regularization term that stabilizes foreground—background blending;:

Lyg = MLa (f, learned bg, ), (15)

where o denotes the opacity map used in alpha compositing.
To maintain physically plausible underwater optical parameters, we apply
mild Lo regularization:

Loaram =y (1813 + 15113 + 11 Bool3) (16)

which prevents degenerate solutions during optimization.
The total loss is defined as

Etotal = Cphys + »Ccolor + ['depth + »Cbg + ﬁparam~ (17)

Training proceeds in stages: we first optimize the physical rendering loss
Lohys, and gradually introduce the remaining terms after the rendering pro-
cess stabilizes. This hybrid objective combines physical consistency with statis-
tical regularization to improve color stability, geometric smoothness, and fore-
ground—background interaction in underwater reconstruction.

4 Experimental Configuration

Datasets. Evaluation is conducted on four underwater datasets covering di-
verse marine environments. SeaThru-NeRF and BVI-Coral |22,36] provide rep-
resentative scenes under different water conditions. UVEB [39] contains terrain
exploration and marine biology sequences for evaluating robustness in complex
environments. OTNN (our dataset) includes real-world underwater shipwreck
and archaeological scenes, such as the Blue Thistle WWII wreck in the Red Sea
and several Ming Dynasty shipwrecks in the South China Sea.

Radiometric Linearization. Since our physical image formation model relies
on the linearity of light transport, we standardize all input imagery to linear
radiance space prior to training. Consistent with standard practices in neural
rendering (e.g., NeRF, 3DGS), images from consumer cameras and public bench-
marks (assumed to be encoded in SRGB) are converted using the inverse IEC
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Table 1: Quantitative comparison with state-of-the-art methods on underwater novel
view synthesis. Performance is evaluated using PSNR, SSIM, and LPIPS across four
benchmark datasets. Top two results are highlighted in red and yellow.

SeaThru-NeRF

Scene| IUI3 Red Sea Curacgao J.G. Red Sea Panama
Method|PSNR SSIM LPIPS|PSNR SSIM LPIPS|PSNR SSIM LPIPS|PSNR SSIM LPIPS

SeaThru-NeRF [22[|25.908 0.785 0.304 [30.193 0.873 0.210 [21.841 0.767 0.249 |27.846 0.834 0.224
3DGS [19]]22.980 0.843 0.246 |28.313 0.873 0.221 |21.493 0.854 0.216 [29.200 0.893 0.152

UW-GS [36]]27.652 0.863 0.185 [30.171 0.851 0.172 [22.947 0.830 0.190 {30.190 0.911 0.160
SeaSplat [41]]26.670 0.870 0.210 |30.300 0.900 0.190 |22.700 0.870 0.180 [28.760 0.900 0.150
SMP-UWGS(Ours)|27.829 0.907 0.180 |31.551 0.937 0.154 |23.289 0.895 0.174 |31.642 0.925 0.137

BVI-Coral

Scene Lagoon Seabed Reef Marine
Method |PSNR SSIM LPIPS|PSNR SSIM LPIPS|PSNR SSIM LPIPS|PSNR SSIM LPIPS

SeaThru-NeRF [23.542 0.759 0.286 |22.705 0.641 0.346 |18.551 0.408 0.552 |18.103 0.571 0.458

3D Gaussian|22.351 0.739 0.285 |21.919 0.743 0.283 |20.381 0.714 0.286 [16.120 0.670 0.365
UW-GS|23.210 0.754  0.188 {24.809 0.800 0.263 |22.008 0.712 0.284 [19.406 0.703 0.308

SeaSplat |26.250 0.779 0.289 |25.346 0.774 0.252 |24.316 0.754 0.258 [19.986 0.710 0.336
SMP-UWGS(Ours)|[25.953 0.816 0.221 |24.461 0.769 0.299 |23.022 0.754 0.291 |20.159 0.718 0.313

OTNN UVEB

Scene MingWreck2 BlueThistle BioConservation | GeoExploration
Method |PSNR SSIM LPIPS|PSNR SSIM LPIPS|PSNR SSIM LPIPS|PSNR SSIM LPIPS

SeaThru-NeRF [22.186 0.791 0.254 |23.934 0.796 0.265 |[19.137 0.707 0.270 |17.421 0.675 0.260

3D Gaussian|20.089 0.756 0.287 |21.964 0.772 0.299 |18.549 0.742 0.321 [15.418 0.639 0.288
UW-GS|23.719 0.797 0.229 |24.008 0.802 0.352 [21.980 0.721 0.272 |24.442 0.775 0.372

SeaSplat |23.828 0.732 0.267 |22.012 0.785 0.263 |23.245 0.767 0.232 |27.303 0.765 0.311
SMP-UWGS(Ours)|23.706 0.801 0.237 |24.530 0.813 0.293 |22.487 0.772 0.263 |26.707 0.788 0.303

61966-2-1 transfer function. This ensures that optimization of physical parame-
ters (8, Bs) occurs in a radiometrically correct space, avoiding biases introduced
by non-linear gamma encoding.

Implementation Details. The framework is implemented in PyTorch and
trained on NVIDIA RTX 3090 GPUs. Initial point clouds and camera poses
are obtained using COLMAP.

For small-scale scenes, DPR-Net is applied for the first 30,000 iterations. For
large-scale scenes, we employ a partition-based optimization strategy with 12,000
total iterations. The training schedule includes two stages: WaterParamPredict
is used before iteration 3000 to estimate global optical parameters, and the
DBDR module is activated between iterations 3000 and 8000 to jointly refine
attenuation and backscatter. After iteration 8000, the standard optimization
process resumes.

Evaluation Metrics and Compared Methods. Comprehensive assessment
employs PSNR for pixel-level accuracy, SSIM for structural similarity, and LPIPS
for perceptual quality evaluation. Training time and GPU memory consumption
are additionally reported to quantify computational efficiency.

We compare our method with several representative approaches, including
3DGS, underwater-adapted Gaussian splatting methods (UW-GS and SeaSplat),
and the neural rendering method SeaThru-NeRF.
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5 Results Analysis

Efficiency and memory. As shown in Fig.[d] the radar chart compares different
methods across six normalized metrics, where outer rings indicate better perfor-
mance. Our method (SMP-UWGS) achieves the largest coverage area, demon-
strating superior balance between reconstruction quality and computational effi-
ciency. We compare training time, memory consumption, and rendering speed on
the MingWreckl dataset with NVIDIA RTX 3090 GPU. SMP-UWGS achieves
the best balance between efficiency and memory usage, completing training in
only 13 minutes—much faster than 3DGS (42 min), SeaSplat (81 min), and
SeaThru-NeRF (10 h). It also requires just 10.9 GB of VRAM, significantly
less than SeaSplat (16 GB) and SeaThru-NeRF (14.6 GB), while delivering the
highest rendering speed of 434 FPS.

These gains arise from the proposed multi-partition optimization and adap-

tive parallelization. SMP-UWGS establishes a new efficiency—performance trade-
off for underwater 3D reconstruction, achieving SOTA scalability and speed.

Other’s Metiod

2 T3 5 —+— SeaThru-NeRF
" i
3D Gaussian

=

Higher color reproduction
accuracy and more
detailed information

—— SeaSplat

SMP-UWGS(Ours)

Faster reconstruction rate, less VRAM
usage and higher image quality

Fig. 4: Quantitative and qualitative comparison of underwater reconstruc-
tion methods. The top-left plot compares color reproduction accuracy and detail
preservation among different methods. The top-right radar chart summarizes perfor-
mance across multiple quantitative metrics. The bottom row presents visual recon-
struction results, where the original image serves as the reference for comparison with
SMP-UWGS, 3DGS, SeaSplat, and UW-GS.
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Convergence and training-budget fairness. To verify that the efficiency
gain is not caused by an insufficient training budget for competing methods, we
further analyze PSNR convergence on the SeaBed scene using identical training
and validation splits. As shown in Fig. SMP-UWGS reaches stable recon-
struction quality within 12k iterations and avoids large PSNR oscillations. In
contrast, SeaSplat requires substantially longer optimization and still exhibits
unstable intermediate reconstructions. These results indicate that the proposed
physics-aware initialization and multi-partition optimization improve both con-
vergence speed and reconstruction stability. Quantitative results. As shown in

1 O, A =

== —— o

20.0- / .
z1s. SeaSplat (12k)
& 1504 —e— SMP-UWGS (4 GPUs parallel, 23 min)

: —x=— SMP-UWGS w/o WaterParamPredict (4 GPUs, 22 min)
12.5- ~ — - SMP-UWGS peak
—=— Seasplat (1 GPU, 2 h 06 min) Seasplat (30K)
10.01 A A A i —.— SeaSplat+WaterParamPredict (1 GPU, 2h 13 min) o
A A A :

0 3000 6000 9000 12000 15000 18000 21000 24000 27000 30000
Iteration

Fig. 5: Convergence and training-budget comparison on the SeaBed scene. Left: PSNR
curves under different training budgets. Right: SeaSplat renderings at 6k, 12k, and 30k
iterations.

Table [I, SMP-UWGS consistently outperforms prior methods across all under-
water benchmarks, achieving leading performance in both perceptual quality and
geometric fidelity. Experiments on the SeaThru-NeRF dataset fully demonstrate
the importance of DPR-NET, validating its effectiveness in handling challenging
underwater conditions. In the BVI-Coral dataset, which features highly complex
terrain and intricate morphological structures that are challenging to capture,
SMP-UWGS attains the highest PSNR and SSIM in most scenes, surpassing
recent physically-inspired and Gaussian-based approaches. On the OTNN and
UVEB datasets, SMP-UWGS maintains competitive or best performance un-
der varying attenuation and scattering conditions, validating its scalability and
adaptability to large-scale underwater environments.

Although the theoretical visibility constraints and boundary conditions within
partitions may lead to the omission of some points, our method still achieves ex-
cellent performance thanks to the effective compensation mechanism and robust
underwater modeling module. While the multi-partition approach may exhibit
slight blurring in some areas, particularly at junctions and edges, our overall
level of detail processing remains state-of-the-art.

Furthermore, as shown in Figure @] when compared with other methods, our
method performs exceptionally well in terms of color reproduction and authen-
ticity. These results highlight that the integration of multi-partition optimization
and physically-guided light transport modeling enables SMP-UWGS to produce
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artifact-free, high-fidelity reconstructions across diverse marine settings, setting
a new standard for underwater novel view synthesis and large-scale 3D recon-
struction.

Ablation study. Table [2| reports the ablation results on the Lagoon dataset,
evaluating the contribution of each component in SMP-UWGS to reconstruction
quality and computational efficiency.

Removing DPR-Net leads to a noticeable degradation in PSNR, SSIM, and
LPIPS, highlighting the importance of physically grounded light transport mod-
eling for accurate underwater appearance reconstruction. Further decomposing
DPR-Net shows that both WaterParamPredict and DBDR. contribute comple-
mentary improvements: omitting either module results in consistent performance
drops, confirming their roles in stabilizing water parameter estimation and refin-
ing optical attenuation and backscattering effects. WaterParamPredict provides
a physically plausible initialization for underwater optical parameters, which sta-
bilizes subsequent joint optimization and reduces the iterations needed to reach
high reconstruction quality.

For the SMP framework, removing the entire partition mechanism alters the
efficiency—fidelity trade-off, particularly increasing the training time.

While auxiliary components such as DARWS and BARE provide relatively
moderate gains in quantitative metrics, they contribute to improved optimization
stability and rendering consistency, supporting a more compact and efficient
training pipeline overall.

Table 2: Ablation study on the Lagoon dataset. Each row reports the performance
after removing a specific component from the full model. DPR-Net consists of Water-
ParamPredict and DBDR, while the partition strategies includes DARWS and BARE
along with the partition architecture.

Model Setting ‘PSNR SSIM LPIPS Time
Baseline (3DGS) ‘ 22.351 0.739 0.285 43min
Full Model w/o SMP ‘ 26.275 0.793 0.271 1h13min
DPR-Net (Physical Modeling)
Full Model w/o DPR-Net 23.002 0.726 0.297 10min
Full Model w/o WaterParamPredict| 24.803 0.770 0.240 17min
Full Model w/o DBDR 24970 0.783 0.235 12min
Partition Strategies
Full Model w/o DARWS 25.230 0.796 0.230 14min
Full Model w/o BARE 23.019 0.729 0.301 14min

Full Model ‘25.953 0.816 0.221 14min
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6 Conclusion and Limitations

Conclusion In this work, we propose SMP-UWGS, a unified and scalable frame-
work for large-scale underwater scene reconstruction that integrates 3DGS with
physically informed light transport modeling. By introducing a scalable multi-
partition architecture together with DPR-Net, WaterParamPredict, and DBDR,
our method explicitly models light attenuation and backscattering effects while
preserving computational efficiency. Extensive evaluations on public datasets
demonstrate that SMP-UWGS achieves favorable trade-offs between reconstruc-
tion fidelity and efficiency, making it suitable for practical underwater applica-
tions such as ecological monitoring, underwater archaeology, and rescue opera-
tions. More broadly, this study highlights the importance of embedding physics-
aware modeling into explicit scene representations for robust large-scale under-
water reconstruction.

Limitations Despite these contributions, several limitations remain. First, the
proposed physical rendering model assumes homogeneous ambient illumination,
which is common in fog-based or haze-based underwater formulations. This as-
sumption limits direct applicability to scenarios dominated by active, co-moving
light sources, where the illumination field becomes spatially non-uniform and
direction-dependent. Extending the model to accommodate dynamic lighting
conditions remains an important direction for future research. Second, similar
to standard 3DGS-based approaches, our framework assumes a static scene dur-
ing optimization. As a result, dynamic objects may introduce temporal artifacts
or ghosting effects, since motion cannot be explicitly disentangled from geome-
try and appearance variations. Future work will explore incorporating dynamic
masking strategies or 4D Gaussian representations to better handle moving ele-
ments.
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