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Abstract The 3D reconstruction of geometry in shallow water has a wide range of applic-
ations, such as monitoring bed morphology changes and conducting hazard simulations. In
addition, the detailed texture of the reconstructed data is useful for bed surface classification
and aquatic habitat quantification. In this context, bathymetric surveying using photogram-
metry from aerial images captured by Unmanned Aerial Vehicles (UAVs) is gaining attention
as a particularly efficient method. However, it is fundamentally challenged by light refraction at
the air-water interface, which invalidates the geometric principles of photogrammetry. Existing
methods either rely on iterative post-processing or employ deep learning models that lack phys-
ical guarantees and explainability. We solve this challenge by introducing a refraction-aware
3D Gaussian Splatting framework that incorporates an optically accurate model of two-media
refraction directly into the reconstruction pipeline. Our key innovation is a differentiable co-
ordinate transformation that analytically models light refraction, mapping 3D Gaussians from
their true underwater positions to their apparent space for each aerial view. This enables uni-
fied optimization, simultaneously solving for dense scene geometry and detailed appearance
while maintaining the efficiency of standard 3D Gaussian Splatting. We evaluated our method
on a simulated UAV dataset of a riverbed, rendered with physically-based ray tracing to isolate
refractive effects from other optical phenomena. Our approach achieved a geometric F1-score
of 96% (with a 10 cm error threshold at a depth scale of 10 m). Furthermore, in novel view
synthesis, we obtained photorealistic views with a Peak Signal-to-Noise Ratio (PSNR) of 25.9
dB and a Structural Similarity Index Measure (SSIM) of 0.93. By creating 3D models that are
both photorealistic in appearance and dense and geometrically precise in structure, our method
addresses a key challenge in aquatic remote sensing from aerial imagery. This work enables
cost-effective, high-frequency monitoring of riverbeds, lakeshores, and seashores under calm

surface conditions.
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Figure 1. Overview of our proposed method for photogrammetric bathymetry. Our Refractive-Aware
Gaussian Splatting takes multi-view images distorted by refraction (top right) as input. By explicitly
modeling refraction within the rendering pipeline, it reconstructs a geometrically accurate and
refraction-free 3D scene (bottom left).

Bathymetry is critically important. Accurate topographic information serves as fundamental
data for river management, including flood prediction and monitoring geomorphological
changes, and it also has potential applications in marine environments as well. However, sonar-
based hydrographic surveying, which is widely used from vessels, faces significant limitations
in shallow waters due to the risk of grounding and equipment damage, and narrow and ineffi-
cient survey width. More recently, Airborne Light Detection and Ranging Bathymetry (ALB)
has been employed, but both the equipment and data acquisition costs remain prohibitively high.
On land, UAV-based photogrammetry has become a widely adopted technique, offering an ef-
ficient, inexpensive, safe, and accessible solution. Nonetheless, when applied to underwater
targets from aerial platforms, photogrammetry encounters fundamental challenges. These in-
clude specular reflections from the water surface, distortions by waves, and light scattering and
attenuation within the water medium. Among these factors, optical refraction is particularly
detrimental, as it fundamentally breaks the assumption that light travels in a straight line, which

is the foundation of photogrammetry.

A variety of methods have been proposed to mitigate refraction effects, but most rely on post-
hoc or iterative corrections applied to the outputs of conventional photogrammetric pipelines.

Since they lack explicit physical modeling of refraction, such approaches fail to generalize
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to scenarios involving oblique or close-range imaging, leaving the core problem unresolved.
Recently, refraction-aware structure-from-motion (R-SfM) methods have emerged (Makris et
al., 2024), explicitly incorporating refraction into the SfM pipeline. Although promising, these
methods typically yield only sparse point clouds and rely on deep learning—based densification
techniques trained on ALB-derived datasets (Agrafiotis et al., 2019). Given the scarcity of

high-quality training data, applying these approaches across diverse regions remains infeasible.

Concurrently, 3D Gaussian Splatting (3DGS) has recently gained significant attention as an
emerging paradigm for 3D reconstruction (Kerbl et al., 2023). Building on this advancement,
we propose a novel foundation for photogrammetric bathymetry: Refractive-Aware Gaussian
Splatting, which directly integrates an optically accurate two-media refraction model into the
Gaussian Splatting pipeline. Our methods not only enables the recovery of geometrically accur-
ate bathymetry but also provides photorealistic renderings for a clear appearance with refraction
artifacts effectively removed. The key idea is to incorporate a differentiable parameter trans-
formation that adjusts each Gaussian’s parameters with respect to the camera ray according to

appearance depth, embedding this directly into the optimization process of Gaussian Splatting.

Under the assumption of a calm, planar water surface without reflection and attenuation under-
water, Our method reconstructs accurate 3D Gaussians free of refraction effect from multi-view
images with known camera poses and refractive surface position, initialized with only a coarse
prior of the depth of the floor. On multiple synthetic CG datasets, our method achieved im-
age quality metrics exceeding PSNR 25 and demonstrated shape reconstruction with F1-scores
above 90% after 3DGS to point cloud conversion. This establishes a foundation for a next

generation of photogrammetric bathymetry.
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Literature Review

Bathymetry in shallow water area has been explored through a variety of methodologies (He
et al., 2024). Traditional fields measurements methods with bathymetric rods or hammers, and
global positioning systems (GPS) are extremely time-consuming and dangerous. Shipborne
sonar systems are a representative method of bathymetry, however, the operation is restricted
due to its narrow scanning swath. Therefore, remote sensing that reconstructs underwater mor-
phology from data observed in the air is valuable in this field. As remote sensing for shallow
bathymetry, platforms equipped with sensors are generally classified into satellite, airborne,
and, UAV-based systems. The sensors employed range from RGB cameras and multi/hyper-
spectral cameras, to LIDAR and even Synthetic Aperture Radar (SAR). As an efficient, inex-

pensive, safe, and accessible solution, Our work focuses on methods based on UAV-based RGB

imagery.

To reconstruct 3D information from UAV imagery, previous works have employed geomet-
ric approaches such as Structure-from-Motion (SfM) (Schonberger & Frahm, 2016) or Multi-
View-Stereo (MVS) (Furukawa & Hernandez, 2015; Furukawa & Ponce, 2010), which have
been developed in the computer vision community. In a typical incremental SfM pipeline, key-
points are firstly detected and matched across frames using feature detectors and descriptors
such as SIFT (Lowe, 2004). Fundamental matrix F' between two images is then calculated,
commonly via eight-points algorithm (Hartley, 1997) combined with random sample consensus
(RANSAC) (Fischler & Bolles, 1987), which lead to camera pose recovery through singular
value decomposition. New camera poses are iteratively registered via Perspective-n-Point al-
gorithms, which align estimated 3D points with 2D features in new frames. Triangulation is
subsequently applied to obtain additional 3D points from feature correspondences, and bundle
adjustment (BA) (Triggs et al., 2000) is finally performed to minimize reprojection error, refin-
ing both camera parameters and 3D points. MVS builds upon the calibrated cameras estimated
from SfM, computing dense per-pixel depth and normal maps across views, which are then

fused into a dense 3D point cloud or mesh.

This entire pipeline assumes straight-line traveling of light, while in reality, refraction at water-
air interface significantly degrades both SfM and MVS reconstructions. This refractive dis-
tortion represents the key challenge in photogrammetric bathymetry. Woodget et al., 2014

demonstrated the potential of photogrammetric bathymetry from UAV imagery, applying a
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simple refraction correction by multiplying refractive index to SfM software outputs. Dietrich,
2016 proposed multi-angle refraction correction based on the pixel ray angle and estimating
3D points, which consider the view-angle dependence of each apparent points. However, this
method only corrects for vertical displacement, ignoring horizontal distortions. Makris et al.,
2024 successfully integrated refraction modeling directly into the SfM pipeline, avoiding post-
hoc or iterative correction. This R-SfM method enables highly accurate camera pose estimation
and point clouds generation. They combine Deep Learning method (Alevizos et al., 2022) to
compensate the sparseness of SfM output, however, Deep Learning based method needs ex-

tensive training datasets and remain highly site-dependent.

Preliminaries

a. 3D Gaussian Splatting

3D Gaussian Splatting (3DGS) is a recent method that has achieved state-of-the-art results in
novel view synthesis (Kerbl et al., 2023). It is distinguished by its remarkable capability for
high-fidelity 3D scene capturing with photorealism, rapid training times, and real-time render-
ing. As an explicit 3D representation, 3DGS has been successfully applied to a wide range
of tasks, including Visual-SLAM (Matsuki et al., 2024; Yan et al., 2024; Zheng et al., 2025),
human avatar creation (Moreau et al., 2024; Shao et al., 2024), and feedforward 3D reconstruc-
tion (Chen et al., 2024). Its potential further extends to various real-world applications such as
digital surface model (DSM) generation from satellite imagery (Aira et al., 2025), UAV-based

surveying, autonomous driving, and underwater 3D reconstruction (Li et al., 2025).

The 3DGS pipeline consists of two primary stages: a forward pass for rendering and a backward
pass for optimization. In the forward pass, a collection of 3D Gaussians is rasterized to synthes-
ize an image. Each Gaussian is defined by a set of optimizable parameters: a center position
p € R?, an opacity a € [0, 1], view-dependent color coefficients represented by Spherical Har-
monics (SH) ¢(p, t;) € R?, and a 3D covariance matrix 3P ¢ R**3. The covariance matrix
3P is composed by a scaling diagonal matrix S € R3*® composed of a scaling vector s € R?

and a rotation quaternion (represented as a rotation matrix R € SO(3)) as:

P =Rss'RT (D)
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The corresponding unnormalized Gaussian distribution function for a point & € R? is given by:
1 -1
G(z) = exp (—5(96 - (Z7) (- p)) @

During the forward pass, to render an image from a given camera view, these Gaussians are
first transformed from world to camera coordinates using the extrinsic matrix [W|t| where
R, € R**3 is a viewing rotation matrix and ¢t € R? is a translation vector. The position of a

Gaussian center p and 3D covariance matrix are updated as:

Dcam = Rviewp +1
Ega?n = RviewESDR\Eew
Following the projection method from (Zwicker et al., 2001), the 3D covariance in camera
space, 20 is then projected onto the 2D image plane. This is achieved using the Jacobian J

cam

of the affine approximation of the perspective projection, yielding a 2D covariance matrix X*°:

ZZD :JZ3D JT (3)

cam

The final RGB value I' € R? for each pixel is rendered by alpha-blending the projected Gaus-
sians. The set of Gaussians that overlap with the pixel are first sorted front-to-back based on
their depth, and the view-dependent color is then accumulated as:

k—1

K
F(%) _ Z ckaglxel (1 - Oé?lxel) (4)
k=1

j=1

where o™ = 0, GIP
here k is the ordered set of Gaussians overlapping the pixel.

During the backward pass, the optimization minimizes a photometric loss, which is a weighted

sum of a £4(I',T';;) Loss and a D-SSIM loss Lp_ssim(I', ['y¢) (Wang et al., 2004):

L= (1-NL1+\p_ssiu (5)
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Thus, the optimization problem is formulated as follows:

argmin L = L(I',Ty) (6)

p?R787c7a

These formulations ensure that the entire pipeline is fully differentiable, allowing the parameters
{p, R, s, c, a} to be optimized via gradient descent using the Adam optimizer (Kingma & Ba,

2014).

The collection of 3D Gaussians obtained through this process captures the 3D scene with high
fidelity. However, this entire pipeline relies on the pinhole camera model and perspective pro-
jection, which fundamentally assume that light travels in a straight line. This assumption is vi-
olated in environments with multi-medium interfaces, such as where refraction at the air-water

boundary causes severe geometric inconsistency, leading to a failure in the reconstruction.

Despite this limitation, 3DGS is uniquely suited for addressing this challenge compared to im-
plicit representations like NeRF. This is because the explicit nature of the Gaussian primitives
that is highly open to direct physical modeling. It allows us to mathematically formulate and
apply the laws of refraction directly to the geometric parameters of the scene representation

itself.
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Figure 2. Overview of Refractive-aware Gaussian Splatting. This figure illustrates our proposed
pipeline. A 3D scene, represented by 3D Gaussians, is transformed into an apparent space” for each
camera view by applying a differentiable refraction correction, which consists of position, scale, and
opacity correction. This transformation models the physical effects of light refraction at the air-water
interface. The resulting Gaussians are rendered to produce an image that includes refractive distortions.
The core of our method is a fully differentiable process. A loss is computed by comparing the rendered
image with the input source image (which also contains refraction). This loss is then backpropagated to
optimize the parameters of the original 3D Gaussians. Through this optimization, the model learns a
refraction-free 3D representation of the scene, enabling the generation of both photorealistic,
undistorted novel views and a geometrically accurate 3D model.

As illustrated in Fig. 2, our method explicitly models refraction by applying a corrective trans-
formation to the parameters of each Gaussian primitive. This transformation accounts for the
refractive effect of bending light rays at the air-water interface. This refractive transformation
is composed of three components: (a) position correction, (b)scale correction, and (c)opacity

correction.

a. Position Correction

We assume a Cartesian coordinate system where the camera is positioned on the positive z-axis
at (0,0, H), and the water surface corresponds to the xy-plane (z = 0). Following prior work,
we assume the water surface is flat and calm, resulting in a constant surface normaln = (0,0, 1).

A 3D Gaussian primitive located underwater has a center position p = (x, y, z), where z < 0.

To simplify the geometry, we project the 3D position onto the 2D rz-plane using the radial
distance » = +/x? + y2. The apparent position of the Gaussian’s center, after accounting for

refraction, is denoted as p’ = (', ¢/, '), which projects to (1, 2’) on this plane.
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From Snell’s law and geometric optics, it follows that the apparent position of a submerged
point, as seen from a fixed camera center, is uniquely determined(Missailidis & Guilhon, 2025;
Nassar, 1994). The ray from the apparent position p’ to the camera intersects the water surface
at a point we define as (s, 0) on the rz-plane, where 0 < s < r. Let 6, be the angle of incidence
(in water) and 6; be the angle of refraction (in air), both measured with respect to the surface
normal. Let n be the refractive index of water, and we assume the refractive index of air is 1.
Snell’s Law gives:

sinf); = nsind, (7)

From the geometry of the system, these angles can be related to the positions, leading to a quartic
equation in s (triangle similarity between AOAI and AT PC):
(1 —n?)s* +2(n* — 1)rs®
+ (1 =n*)r* + H> = n*2%)s” (8)
+2n%2%rs —n?2%rt =0
This equation can be solved numerically for s, for instance, using Newton’s method or directly
solved by Ferrari’s method. To find the apparent position (', 2), we analyze the differential

change in ray position. From the geometry of triangles formed by the rays and positions, we

can establish the following relationships. ( AIPC, AIP'C’, and AI' P'C"):
r—s=—ztand, 9)
r' —s=z2'tan0; (10)
—Z'tan (0; + AB;) = (1" — s) + (—As)
—2' (sinf; + Ab; cos ;) = (r' — s — As) (cos6; — Ab; sinb;) (11)

With the derivative of Snell’s law from Eq. (7):

df, 1cosb;
do; ncos 0, (12)

By differentiating these geometric relationships Egs. (9) to (11) and combining them with equa-

tions of Snell’s law Egs. (7) and (12), we can represent the apparent position (7', ") with 6; and
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0,.
=14 (n*—1) z-tan®0, (13a)
1 cosf;’
A 13b
: n cosh,> - (136)

This is the center position correction transformation. Since #; and 6,. are determined by the cam-
era position and the Gaussian’s mean position p, the apparent position p’ is uniquely determ-
ined. The transformation is applied by first calculating » and then finding the new coordinates
= x?/ andy = y%,. Note that since z < 0, the term (n2 —1)-z- tan® 0, is negative, ensuring
r’ < r. Similarly, since §; > 6, for n > 1, we have cos 6; < cos 6,., which ensures |2'| < |z|.
This confirms that the apparent Gaussian G'(p’) always appears shallower and closer to the
central axis than the actual Gaussian G(p). In the special case where the Gaussian is directly
below the camera (r = 0, thus 6; = 6, = 0), the equations simplify to 7’ = r and 2’ = z/n. This
special case, where apparent depth is the true depth divided by n, is a common approximation

used in prior work (e.g., Woodget et al., 2014). However, this approximation is inaccurate for

most rays in a perspective projection which are off-nadir.

For use in Gaussian Splatting, this transformation must be differentiable. We therefore require

the Jacobian of the transformation:

a / gxl aay/ gzl

p Y Y Y

=2 _ Y99 14

Jan op or 0Oy 0z (14)
| 0x Oy 0z

While this Jacobian can be derived analytically, we compute it using numerical differentiation
in our implementation for simplicity. Specifically, we use finite differences; for example, the

partial derivative 9z'/0x is approximated as (p,(z + Az) — pl(z — Ax))/(2Ax).

This correction is the key proposal of our paper, which models the effect of refraction through
a direct analytical transformation of the Gaussian means. This enables the reconstruction of an
accurate, refraction-free 3D scene from posed images of an underwater environment. The only
required inputs are the refractive index of the water and the location of the water surface relative

to the cameras.
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Figure 3. Illustration of the apparent position P’ Figure 4. Space compression from the camera

versus the true position P in the rz-plane. Even view. The Space is distorted by the camera
though the actual object is located at the blue position. Each colored grid means the

Gaussian position P, it appears shifted toward corresponding compressed space of entire grid in
the red Gaussian position P’ when observed camera coordinates (shown as black.)

through the refractive interface.

b. Scale Correction

The transformation of the Gaussians center position p — p’, which models the core effect
of refraction, distorts the Cartesian coordinates system of camera coordinates. This space is
named the apparent space, where the axes are no longer orthogonal as illustrated in Fig. 4.
This distortion is particularly pronounced for large angles of incidence (in the air), causing the
space to be significantly compressed. Without a corresponding correction to the scale parameter
s, individual Gaussians are perceived as being both densely packed and dilated. This leads to

severe visual artifacts, such as blurring and unrealistic expansion of surfaces, as shown in Fig. 5.

To mitigate these artifacts, we propose to downscale each Gaussian according to the local
space compression ratio. We quantify this compression by analyzing the transformation of
the Cartesian basis vectors. For instance, the basis vector e, = (1,0,0)" is to be mapped by

given by the first column of J,,:

ox'
x

e = Jper = | 2] . (15)
z
z

ox
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Figure 5. Artifact without scale correction.

Left: The image is rendered image of 3DGS model trained by Ground Truth (GT) images without
refractive plane. Right: The image is rendered of same model using center position correction, but
without scale correction. The scene in area bounded by the red is expanded, where the ray of incident
angle is larger.

The local scaling factor along the x-axis is quantified by the norm of this vector:

, A oy \” 92"\
1= () (2) (2 09

Similarly, we can compute the scaling factor s, and s, along the y-axis and z-axis.

It seems better in order to calculate the volume compression ratio V' by applying to a determinant
of Eq. (14) | det J,,,|. However, this value overestimates downscaling especially the ray of

incident angle is larger, which makes Gaussians too small.

While one might consider using the determinant of the Jacobian | det .J,,,| as a direct measure of
the volumetric compression, we empirically found that this approach overestimates the required
downscaling, particularly for large incidence angles, resulting in overly diminished Gaussians.
Instead, we define an isotropic scale correction factor S derived from the geometric mean of
the directional scaling factors. This factor is computed as the cubic root of the product of the
individual scaling factors:

V=5;-5-5; (17)

This formulation provides a stable measure of the average spatial compression that is robust to
the extreme shear in the transformation. While it intentionally disregards the shear components,

it is precisely this property that makes it effective for isotropically rescaling the Gaussians,
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preventing the visual artifacts without eliminating the primitives themselves.

§=v'3 (18)

We then apply this factor to the original scale vector s to obtain the corrected scale s’
s’ =3Ss (19)

We apply this correction during the rendering phase, dynamically adjusting the scale of each

Gaussian based on its position relative to the camera and the refractive interface.

c¢. Opacity Correction

In this section, we introduce the regularization that increases the opacity « of each Gaussians
through the refractive surface. This is not a physically accurate regularization as refraction,
however, it contributes to the fidelity of both appearance and geometry. As illustrated in Figure
6, observing a scene through a refractive interface causes a significant reduction in apparent
radiance. This is a direct consequence of etendue conservation, which dictates that for a light
bundle traveling from a medium with refractive index n (e.g., water) to air, the radiance is
scaled:

1
Lair = _2Lwater (20)
n

This radiometric principle poses a challenge for 3D Gaussian Splatting. To reconstruct the
darker target images, the optimizer often converges to a trivial solution composed of Gaus-
sians with low opacity «. This reliance on low-opacity primitives results in a geometrically
ambiguous or ”blurry” reconstruction, as the scene is represented by a sparse, semi-transparent
Gaussians, failing to capture fine details. To counteract this, we introduce a regularization tech-
nique inspired by the radiometric relationship. We preemptively scale the opacity of underwater

Gaussians to account for the expected radiance loss:

1
o = S (1)

By intentionally reducing the opacity budget for each Gaussian, we force the optimizer to ex-

plain the target appearance by utilizing a larger number—and therefore a denser configura-
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tion—of primitives. This process regularizes the optimization, inducing the model to learn a
more detailed and geometrically faithful scene representation. While this is a heuristic, not a
physically exact correction for refraction, it yields significant improvements in both final ap-

pearance and geometric fidelity.

Figure 6. This is a scene rendered using the path tracer in Blender Cycles. The image on the right,
viewed through a refractive water surface, is significantly darker than the one on the left (which is
shown without refraction). Opacity correction serves as regularization to avoid ambiguities, such as
blurriness or floaters.

Experiments

a. Dataset

To focus on the effects of refraction, we conduct

our experiments in a simulation-based environ-

Drone Path
& Camera

ment, thereby isolating the influences of other phe-

nomena such as surface reflections and light at-

tenuation in water. We acknowledge that these

Refractive
Surface

factors are non-negligible in real-world scenarios,

and thus constitute a limitation of our current
study. First, we create a detailed mesh represent-
3D Model
ing ariverbed by applying a displacement modifier
to a gravel texture within Blender. This dataset is
then used to generate physically accurate rendered Figure 7. Overview of our simulated data
) ) . capture setup.

images using Blender Cycles, a path-tracing ren-

derer. We assume a flat, distortion-free refractive surface (the water surface). The average



“The 46 Asian C

water depth is set to 10 meters. The scene is captured from multiple viewpoints. We acquire
images with 85% side and forward overlap, primarily focusing on the riverbed from a nadir
view. Additionally, we capture images by circling around the center of the riverbed at oft-
nadir angles of 20° and 40°. While these multi-view conditions are advantageous for geometry
estimation methods like Gaussian Splatting, they also introduce challenges. As illustrated in
Fig. 4, larger observation angles to the refractive surface increase both object distortion and the
discrepancy between the apparent and true positions, making the removal of refractive effects
more difficult. Conversely, from a practical standpoint, preparing multi-view, multi-angle im-
ages for a wide area can be inefficient. The images are captured using a distortion-free pinhole
camera model with a 70° field of view and a resolution of 800x800 pixels. The total number of
images is 90, except images for the evaluation from novel views. Overview of a condition for

capturing is shown in Fig. 7.

b. Implementation

We implement our Refractive-Aware Gaussian Splatting by extending the open-source gsplat
(Ye et al., 2025) framework, a highly GPU-optimized library for various Gaussian Splatting
methods. The parameter transformation that models refraction from the camera’s viewpoint is
implemented as a custom autograd function in PyTorch (Paszke et al., 2019). This allows for
seamless integration into gsplat’s differentiable rasterizer and parameter optimization pipeline.
To solve the quartic equation (Eq. (8)) for the center correction described in Section a, we em-
ploy the Newton-Raphson method. This process is parallelized on the GPU using PyTorch,
resulting in a modest computational overhead (at most 3x slower than the original gsplat imple-

mentation of 3DGS Kerbl et al., 2023).

For the optimization process, we adopt the adaptive density control from the vanilla 3DGS
(Kerbl et al., 2023) and use its default hyperparameters. The optimization is run for 30,000
iterations. To simplify the implementation of explicit gradient calculations, we constrain the
spherical harmonic (SH) degree of the Gaussians to 0, meaning they only store a base color and
are view-independent. While standard 3DGS typically initializes the Gaussians from a sparse
point cloud generated by an SfM pipeline like COLMAP (Schonberger & Frahm, 2016), it
may be difficult to detect enough keypoints for a textureless beds. Therefore, we initialize the

Gaussians as a planar point cloud positioned at the approximate water depth of 10 meters. All
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experiments are conducted on a single NVIDIA RTX 3090 GPU.

c. Geometry Extraction

t Collection of 3D Gaussians J
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I { height point £
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iltering — — “‘
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Figure 8. Flow Chart of Figure 9. Our geometry extraction pipeline. Left: The initial noisy
Point Cloud Extraction. point cloud converted from 3DGS. Center: The point cloud is

discretized into a 2D grid, and the median height is computed for each
cell. Top-right: The resulting 2.5D height map. Bottom-right: The final
surface-aligned point cloud generated from the height map.

To quantitatively evaluate geometric accuracy, the 3D Gaussian Splatting (3DGS) model must
be converted into a standard 3D representation. For this study, we aim to extract a dense point
cloud that is precisely aligned with the surface, which is appropriate for our target scenes, such
as seabeds and riverbeds. While several sophisticated methods have been proposed to enhance
the geometric fidelity of 3DGS, including SuGaR (Guédon & Lepetit, 2024), 2DGS (Huang
et al., 2024), and TrimGS (Fan et al., 2024), we adopt a simple extraction method due to its

ease of implementation.

First, we convert the 3DGS data into a raw point cloud using 3DGS-to-PC (Stuart & Pound,
2025). The core idea of this method is to sample points from each Gaussian ellipsoid in pro-
portion to its volume, which generates a dense point cloud. However, this point cloud often
contains significant noise and floaters artifacts inherent to volumetric sampling. To address
this, we perform outlier removal by fitting a local plane to the neighbors of each point within a
specified radius and culling points that are distant from this plane. This process is implemented

using open-source point cloud library CloudCompare (Girardeau-Montaut et al., 2016) (v2.6.2).

Next, as illustrated in Fig. 9, the filtered point cloud is discretized into a 2D grid on the horizontal

plane. The grid resolution is intentionally set finer than that of our quantitative evaluation



“The 46" Asian Con

metrics to preserve high-frequency surface details. For each grid cell, we determine its elevation
by calculating the median height of all points falling within the corresponding vertical column.
This procedure yields a height map. Finally, a surface-aligned point cloud is generated by
placing a point at the center of each grid cell at its computed median elevation. It is crucial to
note that the quality of the final output is sensitive to parameters like the outlier filtering radius

and the grid size, which must be carefully tuned for each specific dataset.

Evaluation

The training images for our evaluation are those generated as described in Section a, which

exhibit distortions caused by a refractive plane.

a. Appearance Evaulation

Table 1. Quantitative results of appearance results, compared to an ablation of proposed components.
Each model is trained from images with a refractive scene.

Correction Components Render w/ Refraction Render w/o Refraction Stats
Method | Position Scale Opacity | SSIMT PSNR' LPIPS*| SSIM" PSNR' LPIPS* | # Gaussians (K) Time (min)
3DGS X X X - - - 0.682 14.12 0.292 40.0 6.8
Position v X X 0.980 37.56 0.023 0.953 21.49 0.039 23.1 10.9
+ Scale v v X 0.964 37.21 0.023 0.936 22.97 0.043 28.0 21.0
+ Opacity v X v 0.984 38.44 0.018 0.954 25.27 0.033 38.8 11.5
Ours v 4 v 0.981 38.42 0.017 0.933 25.97 0.046 41.3 21.9

Following the standards for Novel View Synthesis (NVS) evaluation, we assess the similarity
between rendered images of our 3D model and the corresponding ground-truth images from
unseen viewpoints. We employ three widely-used metrics: the Peak Signal-to-Noise Ratio
(PSNR), which measures pixel-wise accuracy; the Structural Similarity Index Measure (SSIM)
(Wang et al., 2004), which considers local image structures; and the Learned Perceptual Image
Patch Similarity (LPIPS) (Zhang et al., 2018), which leverages deep features from a Convolu-
tional Neural Network (CNN) to better approximate human perception. Our method aims to
reconstruct a 3DGS model that is free of refractive artifacts. To comprehensively evaluate this,
we report metrics under two conditions, as shown in Table 1. First, we render the scene with
the refractive plane ("Render w/ Refraction”) and compare against the distorted ground-truth
images. Second, we render the model without the refractive plane ("Render w/o Refraction”)

and compare against the undistorted ground-truth images.

The results demonstrate that correcting the Gaussian center positions plays the most crucial
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role, leading to a significant improvement across all metrics. For applications like bed surface
classification, preserving structural details is paramount, making SSIM a key metric. Notably,
our full method maintains an SSIM score above 0.93 even in the challenging ”w/o Refraction”
scenario. However, the PSNR for our full method in this scenario is nearly 13 dB lower than
in the ”w/ Refraction” case. We attribute this to the physical incorrectness as discussed in
Section c. Our opacity correction uniformly reduces the opacity of all Gaussians, causing back-
ground Gaussians to be composited rather than revealing a black background. While the opacity
regularization slightly contributes the increase of PSNR, the effect is insufficient to model the
reduction of radiance at a refractive surface. This results in a subtle change in luminance, a
discrepancy that is heavily penalized by the pixel-wise PSNR metric. Therefore, we need the

correction method that directly models the change of the luminance through water to air.

Furthermore, the inclusion of the scale correction slightly degrades the SSIM score. This is
likely because our method isotropically corrects the Gaussian volumes regardless of their shape
or orientation, which can cause a blurring effect that harms fine structural details in the non-
refractive rendering. Finally, while the training time for our method is over three times that
of the baseline 3DGS, yet it remains within a practical range. We anticipate that this could be

significantly accelerated with a dedicated CUDA implementation.

Figure 10. Visual comparisons between our method, Ground Truth, ablation of each correction. We
also apply center position correction with scale correction and opacity correction.
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b. Geometry Evalation

Table 2. Quantitative results of geometry, compared to an ablation of proposed components. Each
model is trained from images with a refractive scene. We report the averaged chamfer distance, F1
score for each threshold (10 cm, 30 cm)

Correction Components 10cm 30cm
Method Position Scale Opacity | CD¥ (m) | Precise’ (%) Recall’ (%) F1T (%) | Precise’ (%) Recall’ (%) F1T (%)
3DGS X X X 8.477 0.03 0.20 0.06 0.12 2.52 0.23
Position v/ X X 0.110 69.80 84.65 76.51 82.80 99.95 90.57
+ Scale v v X 0.033 81.10 91.06 85.79 93.03 99.97 96.37
+ Opacity v X v 0.054 79.29 90.80 84.66 90.64 99.99 95.09
Ours v v v 0.011 91.56 96.58 94.00 98.26 100.00 99.12

Accurately reconstructing the true geometry of a terrain observed through a refractive inter-
face poses a significant challenge. In this section, we quantitatively evaluate our method’s
geometric accuracy by comparing the extracted point cloud against the ground truth from the
simulator. We employ two standard metrics for evaluating similarity between point clouds:
Chamfer Distance (CD) and F1 Score. The Chamfer Distance measures the average squared

distance between nearest neighbors in two point clouds Sg; and Se;. It is defined symmetrically

as:
CD(Syr, Seut) = in o — |2
tyPest) — Ta | min || — Yj|q
g ’Sgt‘ Z‘ESgt YyESest

1 . ,
_ 22
o > min |z =yl (22)

yesest

A lower CD value indicates a closer match between the point clouds.

The F1 score assesses the overall quality by balancing precision and recall against a distance

threshold 7.

* Precision: the percentage of points in the estimated cloud S.; that are within the threshold

7 of the ground-truth cloud S;.
* Recall: the percentage of points in Sy, that are within 7 of S;.

The F1 score is the harmonic mean of Precision and Recall, defined as:

Pl 2 - Precision - Recall

(23)

Precision + Recall

As shown in Table 2, the baseline 3DGS performs extremely poorly on the refractive scene, res-
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ulting in a very high Chamfer Distance (8.477 m) and near-zero F1 scores, as it fails to account
for the physics of refraction. Our ablation study demonstrates the incremental contribution of
each proposed component. Introducing position correction yields the most substantial improve-
ment, significantly reducing the CD to 0.110 m and boosting the 10 cm threshold F1 score to
76.51%. Adding scale correction further refines the geometry, lowering the CD to 0.033 m and
increasing the F1 score to 85.79%. While adding scale correction and opacity correction each
provides incremental improvements, the synergistic integration of all three components in our
full method (”Ours”) achieves the best performance. This comprehensive approach achieves the
lowest Chamfer Distance of 0.011 m and the highest F1 scores 0of 94.00% (at 10 cm) and 99.12%
(at 30 cm). These results are achieved on a challenging dataset featuring water depths of up to
10 meters, highlighting the robustness of our method. This demonstrates that our combined cor-
rection strategy is crucial for achieving high-fidelity geometric reconstruction, complementing

the appearance enhancements shown previously.

Figure 11. Qualitative results of geometry. Top-left: The ground truth geometry rendered in simulator.
Top-right: The extracted geometry without correction. Bottom-center: The extracted geometry with all
correction. Each image is rendered from an identical viewpoint and under the same lighting conditions.
The ground truth and the corrected geometry are very similar in both position and shape. In contrast,
the uncorrected geometry appears completely noisy and is incorrectly positioned at a shallower depth.
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Conclusion

We presented refractive-aware Gaussian Splatting, which accurately models effects of refrac-
tion by leveraging the radiance field representation and the optimization framework of 3D Gaus-
sian Splatting(Kerbl et al., 2023). Our differentiable transformation into apparent appearance
enables refraction-free 3D reconstruction from images of a refractive scene. Our experiments
demonstrate superior reconstruction quality, achieving high SSIM scores when our corrected
model is compared against the pristine, non-refractive ground-truth images. Furthermore, the
extracted 3D geometry attains an F1 Score of over 99% and a Chamfer Distance of 0.011 m,

confirming its high geometric accuracy.

a. Limitations and Future Work

Our study primarily focuses on refractive effects, making our method best suited for idealized
environments. In real-world scenarios, however, several other physical phenomena must be
considered. Our model does not account for surface reflections, underwater light attenuation
(i.e., absorption and scattering), or the Fresnel effect. This is a notable limitation, as our ra-

diometric loss is minimized against observed images that inherently capture these phenomena.

Future work should address these effects. Surface reflections, for instance, could be mitigated
during image capture using polarizing filters. Light attenuation could be tackled by incorporat-
ing recent advances, such as WaterSplatting (Li et al., 2025) and SeaSplat (Yang et al., 2025),
which explicitly model and estimate these underwater characteristics. Furthermore, incorpor-
ating the Fresnel effect, which governs the view-dependent interplay between reflection and
refraction, is crucial for higher fidelity. This could be implemented by applying a radiance

reduction to each Gaussian’s color parameter ¢ based on the ray’s angle of incidence.

Moreover, our geometry extraction pipeline currently relies on handcrafted heuristic priors.
Alternative Gaussian Splatting methods with a stronger emphasis on geometric fidelity (Fan
et al., 2024; Guédon & Lepetit, 2024; Huang et al., 2024) could further improve geometric
accuracy. Introducing regularization terms that encourage Gaussians to align with surfaces
could enable more faithful reconstructions of bed topography. Such regularization could also

mitigate wave-induced distortions by prioritizing geometric plausibility over per-pixel fidelity.



);he 46" Asian Conf

Overall, our method represents an important step toward tackling refraction, one of the key

challenges in photogrammetric bathymetry, and opens a new avenue for accurate shallow-water

depth estimation.
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