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Abstract

Unmanned Aerial Vehicles (UAV)-based photogrammetry provides an efficient solution for shallow water bathymetry, yet its
accuracy is fundamentally constrained by light refraction at the air-water interface, which violates the central geometric assumptions
of traditional photogrammetry. Existing approaches, ranging from empirical corrections and iterative post-processing to black-
box deep learning, often compromise geometric fidelity, physical interpretability, or generalization. We address this challenge
through Refraction-Aware Gaussian Splatting (RA-GS), which embeds a physically rigorous two-media refraction model directly
into the Gaussian Splatting (GS) reconstruction pipeline. Rather than relying on computationally expensive per-pixel ray tracing, we
formulate an analytical parameter transformation that maps the true underwater position, scale, and opacity of each Gaussian to their
apparent states observed through a planar refractive interface. Through this fully differentiable transformation, true underwater 3D
geometry and photorealistic appearance are jointly optimized by directly minimizing the photometric error within the standard GS
framework. This approach relies solely on RGB imagery, eliminating the need for external depth priors or deep learning networks.
Using a physically based, ray-traced synthetic riverbed dataset, we isolate and explicitly correct refractive distortions. Our method
achieves a geometric F1-score of 94% (10 cm threshold at 10 m depth) and produces high-quality novel view synthesis with a PSNR
of 25.9 dB and SSIM of 0.93. Field experiments on real UAV data corroborate the practical utility for high-precision bathymetric
mapping under calm-surface conditions. By resolving the fundamental refractive difficulty, the proposed framework provides a
physically grounded, computationally efficient, and practically useful solution for next-generation photogrammetric bathymetry.

1. Introduction

1.1 Background

Figure 1. Overview of our proposed method for
photogrammetric bathymetry. Our Refraction-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).

Accurate bathymetric information is crucial for applications
such as flood forecasting (Grimaldi et al., 2018) or river mor-
phology monitoring (Hemmelder et al., 2018). Traditional ship-
borne sonar (Giordano et al., 2015), while effective in deeper
waters, is limited in shallow environments due to grounding risk,
narrow swath coverage, and high operational costs. Airborne
LiDAR Bathymetry (ALB) offers improved coverage (Saylam
et al., 2018), but the required hardware and flight operations
remain expensive and difficult to deploy at high temporal fre-
quency.

In recent years, Unmanned Aerial Vehicle (UAV) photogram-
metry has become a widely used, low-cost, and efficient tech-
nique for terrestrial mapping (Bemis et al., 2014, Gomez and
Purdie, 2016, Iglhaut et al., 2019). Extending it to derive under-
water topography—known as photogrammetric bathymetry—is
therefore an attractive alternative (He et al., 2024). However,
when images are acquired from above the water surface, they
are affected by several complex optical phenomena, including
specular highlights, wave-induced distortions, scattering, and
most critically, refraction at the air-water interface. Among
these, refraction is the principal challenge because conven-
tional photogrammetry and SfM assume that light travels in
a straight line (Furukawa and Ponce, 2010, Schönberger and
Frahm, 2016). As a result, naively applying standard pipelines
leads to systematic depth errors and inconsistent multi-view
geometry.

1.2 Related Work

The fundamental challenge in photogrammetric bathymetry is
the ”two-media problem,” wherein refraction at the air-water
interface inherently violates the assumption of straight-line
light propagation underlying the standard pinhole camera model
(Rinner, 1948). Early methods attempted to mitigate these
multi-view inconsistencies via post-hoc empirical corrections,
such as uniform depth scaling (Woodget et al., 2014) or iterat-
ive, view-dependent ray tracing (Dietrich, 2016). However, the
former lacks theoretical rigor in a multi-view context and expli-
citly ignores horizontal refractive displacements. Conversely,
while view-dependent ray tracing models the physics more ac-
curately, it requires iterative computational overhead.

More recently, data-driven approaches have leveraged deep
learning for image-domain undistortion (Agrafiotis et al., 2020)
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or direct depth regression (Mandlburger et al., 2021). While
capable of approximating complex non-linear refractive map-
pings, these networks are often limited by site-specific induct-
ive biases, limited cross-domain generalization, and a strong
dependency on expensive, large-scale ground-truth annotations
such as ALB.

Several recent methodologies strive to explicitly integrate phys-
ical refraction models directly into the 3D reconstruction
pipeline. For instance, Refraction-Aware SfM (R-SfM) (Makris
et al., 2024) successfully incorporates Snell’s law into bundle
adjustment but yields predominantly sparse point clouds, ne-
cessitating a reliance on auxiliary learning-based techniques for
densification. Concurrently, implicit neural representations like
NeRFrac (Zhan et al., 2023) address dynamic surface refraction
through latent embeddings. Yet, these volumetric rendering
techniques introduce prohibitive computational bottlenecks and
frequently lack strict metric interpretability.

1.3 Refraction-Aware Gaussian Splatting

To address these limitations, this work leverages recent advance-
ments in differentiable rendering to propose Refraction-Aware
Gaussian Splatting (RA-GS) (Figure 1), a novel 3D reconstruc-
tion framework that explicitly integrates a physical refraction
model directly into the Gaussian Splatting (GS) pipeline (Kerbl
et al., 2023). While GS represents scenes explicitly as a set of
anisotropic Gaussians which offer rapid optimization, real-time
rendering, and highly interpretable spatial geometry, it inher-
ently assumes a single uniform medium.

The core contribution of our work lies in formulating the op-
tical observation of submerged Gaussians through the air-water
interface as an analytical parameter transformation (Figure 2).
Rather than relying on computationally prohibitive pixel-wise
ray tracing, our method projects each Gaussian’s physical prop-
erties, specifically its spatial position, scale, and opacity, into
an apparent state. This formulation enables highly efficient,
refraction-aware rasterization.

Furthermore, because this analytical transformation is fully dif-
ferentiable, it seamlessly integrates into the standard GS optim-
ization framework, such as the original 3D Gaussian Splatting or
recent 2D variants (Huang et al., 2024). Consequently, the true
underwater 3D geometry is directly learned and estimated by
minimizing the photometric error between the input multi-view
imagery and the rendered views. As a result, our framework
achieves both rigorous geometric accuracy and photorealistic
visual fidelity using solely RGB images, completely bypassing
the reliance on expensive external ground-truth data typically
required by data-driven deep learning approaches.

Experiments conducted through 3DGS on a synthetic riverbed
dataset demonstrate that our method delivers photorealistic ren-
dering with a PSNR exceeding 25 dB and precise geometric
reconstruction with an F1-score above 90%. Furthermore, a
real-world field demonstration conducted based on 2DGS val-
idates the method’s capability for high-precision, in-situ bathy-
metric surveying. These results highlight our approach as a
physically grounded and computationally efficient solution for
next-generation photogrammetric bathymetry.

The code and datasets are available at https://github.com/unota
iki/Refractive-Aware-Gaussian-Splatting.

2. Methods

Our goal is to reconstruct a refraction-free 3D representation
from aerial images that are distorted by the air–water inter-
face. To achieve this, we incorporate a physically grounded
refractive transformation into the GS rendering pipeline. For
each view, every Gaussian is mapped from its true underwater
parameters ( 𝒑, 𝒔, 𝛼) to an apparent set ( 𝒑′, 𝒔′, 𝛼′) via a differ-
entiable three-component transformation: position correction
(Section 2.1), scale correction (Section 2.2), opacity correction
(Section 2.3).

The proposed RA-GS framework operates under the assumption
of a calm, planar water surface with a known interface eleva-
tion and a constant refractive index. Taking multi-view imagery
with pre-calibrated camera intrinsics and extrinsics as input, the
pipeline optimizes a set of Gaussian primitives to yield a dense,
refraction-free geometry of the in-situ underwater scene. To
explicitly isolate and resolve the fundamental geometric distor-
tions governed by Snell’s law, complex radiometric phenomena
such as light attenuation and scattering, and specular surface
reflections are deliberately excluded from the current optical
model.

2.1 Position Correction

We assume a camera located at (0, 0, 𝐻), a planar and calm
water surface at 𝑧 = 0, and an underwater Gaussian center
𝒑 = (𝑥, 𝑦, 𝑧), where 𝑧 < 0. Because refraction is rotationally
symmetric around the viewing direction, we reduce the geo-
metry to the rz-plane using the radial distance 𝑟 =

√︁
𝑥2 + 𝑦2.

Let 𝑠 be the radial coordinate of the ray–interface intersection
(0 ≤ 𝑠 < 𝑟). Let 𝜃𝑤 and 𝜃𝑎 denote, respectively, the ray angles
with respect to the interface normal in water and air. With
refractive index 𝑛 for water (air assumed to be 1), Snell’s law
reads:

sin 𝜃𝑎 = 𝑛 sin 𝜃𝑤 (1)

By relating these angles to the geometry of the triangles formed
by the camera, the interface, and the underwater point, we obtain
a quartic equation in 𝑠 (triangle similarity between △𝑂𝐴𝐼 and
△𝐼𝑃𝐶):

(1 − 𝑛2)𝑠4 + 2(𝑛2 − 1)𝑟𝑠3

+ ((1 − 𝑛2)𝑟2 − 𝑛2𝐻2 + 𝑧2)𝑠2

+ 2𝑛2𝐻2𝑟𝑠 − 𝑛2𝐻2𝑟2 = 0.

(2)

The physically valid root 𝑠 can be computed numerically using
Newton iterations or Ferrari’s closed-form solution.

Once 𝑠 is known, the geometric relations (△𝐼𝑃𝐶, △𝐼𝑃′𝐶′, and
△𝐼 ′𝑃′𝐶′):

𝑟 − 𝑠 = −𝑧 tan 𝜃𝑤
𝑟 ′ − 𝑠 = 𝑧′ tan 𝜃𝑎

−𝑧′ tan (𝜃𝑎 + Δ𝜃𝑎) = (𝑟 ′ − 𝑠) + (−Δ𝑠) (3)

combined with Eq. (1) and the derivative of Snell’s law:

𝑑𝜃𝑤

𝑑𝜃𝑎
=

1
𝑛

cos 𝜃𝑎
cos 𝜃𝑤

(4)
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Figure 2. Overview of Refraction-Aware Gaussian Splatting. A 3D scene represented by Gaussian primitives is transformed into an
apparent space for each camera view by applying a differentiable refractive transformation consisting of position, scale, and opacity

corrections. These transformations explicitly model the light bending at the air-water interface. The transformed Gaussians are
rendered and compared with the input images, which inherently contain refractive distortions. The reconstruction loss is

backpropagated to optimize the original Gaussians, enabling the recovery of a refraction-free 3D model and photorealistic novel views.

lead to closed-form expressions for the apparent position (Nas-
sar, 1994, Missailidis and Guilhon, 2025):




� ′ = � + (�2 − 1) � tan3 �� ,

�′ =
1
�

(
cos ��
cos ��

)3
�.

(5a)

(5b)

Because � < 0 and �� > �� , these relations guarantee � ′ < �

and |�′ | < |� |; i.e., underwater points appear both shallower and
closer to the optical axis (Figure 3). For � = 0 (nadir view), the
formula simplifies to the well-known approximation �′ = �/�.

To integrate the refractive transformation into the differentiable
rasterization pipeline, we must compute the Jacobian of the ap-
parent position mapping for accurate backpropagation. The ap-
parent Jacobian �app, which maps the physical coordinates (�, �)
to the apparent coordinates (� ′, �′), is analytically formulated as
follows:

�app =
� (� ′, �′)
� (�, �)

=

�����
�

1 + 3(�2 − 1)� tan2 �� sec2 ��
Δ

(�2 − 1) tan3 ��

(
1 + 3� sec2 ��

Δ

)

3�′ tan ��
Δ

(
1 − �2 cos2 ��

cos2 ��

)
�′

�
+ 3�′ tan2 ��

Δ

(
1 − �2 cos2 ��

cos2 ��

)
�����
�

(6)
where Δ is defined as:

Δ = ��
cos ��
cos3 ��

− � sec2 �� . (7)

2.2 Scale Correction

The nonlinear refractive mapping p → p′ induces view-
dependent spatial compression (Figure 4). Without compensat-
ory scaling, this distortion causes uncorrected Gaussians to blur
and unnaturally expand at the surface (Figure 5).

Figure 3. Illustration of the apparent position �′ versus the true
position � in the rz-plane. Even though the actual object is

located at the blue Gaussian position �, it appears shifted toward
the red Gaussian position �′ when observed through the

refractive interface.

Figure 4. Space compression from the camera view. The space
is distorted by the camera position. Each colored grid represents
the corresponding compressed space of the entire grid in camera

coordinates (shown in black.)
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Figure 5. Refractive scaling artifacts. Left: Ground truth
rendering without a refractive interface. Right: Rendering with
only position correction, exhibiting severe expansion artifacts at

large incidence angles (red box).

To mitigate these artifacts, we quantify the local anisotropic dis-
tortion by extracting directional scale factors from the apparent
Jacobian 𝐽app. Specifically, the scale factor for the 𝑥-axis is given
by the norm of the transformed basis vector, 𝑠𝑥 = ∥𝐽app𝒆𝑥 ∥, with
𝑠𝑦 and 𝑠𝑧 computed analogously.

While the determinant | det 𝐽app | serves as a mathematically
strict volumetric measure, empirical testing revealed that it over-
compensates at large incidence angles, forcing Gaussians to
shrink excessively. Instead, we formulate an isotropic scale cor-
rection factor 𝑆 based on the geometric mean of the directional
scales:

𝑆 = (𝑠𝑥 𝑠𝑦𝑠𝑧)1/3 (8)

The corrected Gaussian scale is simply updated as:

𝒔′ = 𝑆𝒔 (9)

This isotropic regularization effectively eliminates refractive ex-
pansion artifacts while maintaining training stability and pre-
venting extreme primitive deformation.

2.3 Opacity Correction

Observing scenes through a refractive interface inherently re-
duces measured radiance due to etendue conservation (Winston
et al., 2018), scaling the outgoing radiance by a factor of 1/𝑛2

(Figure 6). In standard GS, optimizing against these physically
attenuated target images frequently causes the model to converge
to artificially low opacities. While these semi-transparent Gaus-
sians minimize photometric loss by explaining the low observed
brightness, they produce geometrically ambiguous, blurry, and
under-constrained reconstructions.

To counteract this degradation, we introduce an opacity regular-
ization. By explicitly scaling the apparent opacity of submerged
Gaussians proportionally to the radiance loss:

𝛼′ =
1
𝑛2 𝛼 (10)

we effectively reduce the opacity budget available to each primit-
ive. While this serves as a principled heuristic rather than a strict
volumetric scattering model, it explicitly penalizes trivial semi-
transparent solutions. Consequently, the optimizer is forced to
reconstruct the scene using a denser, spatially coherent set of
primitives, significantly reducing floaters and improving overall
geometric fidelity.

3. Experiments

Figure 6. Comparison of path-traced renderings in a synthetic
riverbed dataset (Section 3). The right image, viewed through a
water surface, exhibits substantial radiance reduction compared

to the left image rendered without refraction.

Figure 7. Overview of the simulated data capture setup.

Dataset To isolate geometric refractive effects from confound-
ing radiometric phenomena such as water turbidity and specular
surface reflections, we generated a controlled synthetic data-
set using the Blender Cycles path tracer (Community, 2025)
(Figure 7). The scene features a displaced gravel riverbed at
an average depth of 10 m beneath a flat water surface. The
dataset comprises 90 training images from a simulated pinhole
camera (70◦ field of view, 800 × 800 pixels). To obtain ro-
bust multi-view coverage and evaluate the limits of refractive
distortion, we rendered nadir views with 85% forward and side
overlap, together with oblique views at 20◦ and 40◦ inclination;
the viewpoint azimuth advanced in 10◦ steps around the target
for full coverage.

Implementation We implemented RA-GS by extending the
3DGS implementation in the open-source gsplat framework (Ye
et al., 2025). The refractive transformation is integrated into
the differentiable rasterizer as a custom PyTorch autograd func-
tion (Paszke et al., 2019). Camera intrinsics and extrinsics are
treated as known priors; the refractive index is fixed at 1.33, and
the water surface is modeled as a horizontal plane at elevation
0 m with known position and its normal. Gaussians are initial-
ized on a regular grid on a horizontal plane at 10 m depth. We
optimize for 30,000 iterations on a single NVIDIA RTX 3090
GPU with the standard 3DGS adaptive density control hyper-
parameters.

Geometry Extraction To quantitatively evaluate bathymetric
accuracy, we extract a height map from the optimized Gaussians.
Raw points are sampled in proportion to Gaussian volume (Stu-
art et al., 2025) and filtered to remove floating artifacts via
local-plane outlier filtering (Girardeau-Montaut et al., 2016).
The cleaned point cloud is discretized onto a 2D horizontal
grid; the median height in each cell yields the final surface-
aligned point cloud. For this synthetic dataset, we use a 5 cm
grid spacing and tune filtering to balance surface smoothness
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Figure 8. Qualitative comparison of appearance reconstruction.
We show ground truth, the baseline 3DGS, and ablations of

individual correction components.

with detail preservation; in general, grid resolution and filter
settings are adjusted per dataset.

4. Results

The evaluation is performed on the synthetic dataset described
in Section 3, where all training images contain distortions in-
duced by a planar air–water interface. Our goal is to assess
how effectively the proposed refractive corrections recover both
appearance and geometry relative to ground truth.

4.1 Appearance Evaluation

Following established protocol in Novel View Synthesis (NVS),
we evaluate similarity between rendered images from unseen
viewpoints and ground truth. We employ three widely used met-
rics: the Peak Signal-to-Noise Ratio (PSNR) for pixel-wise ac-
curacy; the Structural Similarity Index Measure (SSIM) (Wang
et al., 2004) for local structure; and the Learned Perceptual Im-
age Patch Similarity (LPIPS) (Zhang et al., 2018), which uses
deep features from a convolutional neural network (CNN) to
approximate human perception. To fully characterize the im-
pact of refraction, metrics are reported under two conditions
(Table 1): (1) rendering with the refractive interface and com-
paring to refracted ground truth, and (2) rendering without the
interface and comparing to refraction-free ground truth.

Across all metrics, Gaussian center position correction provides
the largest performance gain, consistent with its role in resolv-
ing refractive ray-path deviations. SSIM, which is particularly
relevant for downstream tasks such as riverbed classification,
rises from 0.68 (baseline) to above 0.95 with position correction
alone. Opacity correction further improves perceptual quality,
achieving the lowest LPIPS among all ablations. However, when
evaluated in the non-refractive rendering condition, the PSNR
remains considerably lower—approximately 13 dB below the
refractive case. This is expected: as discussed in Section 2.3,
the uniform opacity reduction preserves background visibility
but does not physically model the reduction in radiance occur-
ring at the refractive interface. Consequently, small luminance
deviations are heavily penalized by PSNR despite being visually
negligible. Scale correction exhibits a mixed effect. Although
geometrically beneficial (as shown in Table 2), isotropic co-
variance correction introduces slight blurring in fine textures,

Figure 9. Qualitative geometry comparison. Top: ground truth
geometry rendered in the simulator. Bottom-left: extracted

geometry without correction. Bottom-right: extracted geometry
with all corrections applied. Each image is rendered from an
identical viewpoint under the same lighting conditions. The

ground truth and the corrected geometry agree closely in
position and shape; the uncorrected geometry is noisy and biased

toward shallower depths.

marginally reducing SSIM in non-refractive rendering. Non-
etheless, all three corrections together yield a well-balanced
representation with competitive perceptual fidelity (Figure 8).

Despite a training time roughly three times that of standard
3DGS, the absolute runtime remains practical and can be further
reduced via a dedicated CUDA implementation.

4.2 Geometry Evaluation

Accurate reconstruction of underwater terrain from aerial im-
agery is fundamentally challenging due to refractive ray bend-
ing. We evaluate geometric accuracy using Chamfer distance
and the F1 score, two standard metrics for point-cloud com-
parison (Seitz et al., 2006). Chamfer distance captures the
average nearest-neighbor deviation between reconstructed and
ground-truth surfaces, while the F1 score balances precision and
recall under a specified tolerance. Following practical require-
ments for high-resolution bathymetric mapping (Agrafiotis et
al., 2020), we adopt 10 cm and 30 cm thresholds as realistically
stringent criteria for operational use.

As shown in Table 2, the baseline 3DGS fails in the refractive
scenario, yielding a CD of 8.477 m and near-zero F1 scores. In-
troducing position correction alone resolves most of the refract-
ive displacement, reducing the CD by two orders of magnitude
to 0.110 m. Scale correction further refines spatial consistency,
bringing the CD down to 0.033 m and improving the 10 cm F1
score from 76.51% to 85.79%. Opacity correction has a smal-
ler geometric influence but contributes modest improvements in
both precision and recall.

The full model (Ours), combining all three corrections, achieves
the best performance, with a CD of only 0.011 m and F1 scores
of 94.00% (10 cm) and 99.12% (30 cm). These results are
obtained at water depths up to 10 m, demonstrating robustness to
severe refractive distortion. Qualitative comparisons in Figure 9
confirm these findings: the corrected geometry closely matches
the ground truth in position and shape, whereas the uncorrected
reconstruction collapses into a shallow, noisy surface.
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Table 1. Quantitative appearance evaluation under two rendering conditions: (1) rendering with the refractive interface and comparing
to refractive ground truth, and (2) rendering without the interface and comparing to refraction-free ground truth. We show the ground
truth, the baseline 3DGS, and ablation results where each component (scale or opacity) is added on top of position correction. The full

method (Ours) applies position, scale, and opacity correction simultaneously. All models are trained from refracted images only.

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

Table 2. Quantitative geometry evaluation using Chamfer distance (CD) and F1 score at 10 cm and 30 cm thresholds. All models are
trained on refracted images.

Correction Components 10cm 30cm
Method Position Scale Opacity 𝐶𝐷↓ (m) 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛↑ (%) 𝑅𝑒𝑐𝑎𝑙𝑙↑ (%) 𝐹1↑ (%) 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛↑ (%) 𝑅𝑒𝑐𝑎𝑙𝑙↑ (%) 𝐹1↑ (%)
3DGS ✗ ✗ ✗ 8.477 0.03 0.20 0.06 0.12 2.52 0.23
Position ✓ ✗ ✗ 0.110 69.80 84.65 76.51 82.80 99.95 90.57
+ Scale ✓ ✓ ✗ 0.033 81.10 91.06 85.79 93.03 99.97 96.37
+ Opacity ✓ ✗ ✓ 0.054 79.29 90.80 84.66 90.64 99.99 95.09
RA-GS (Ours) ✓ ✓ ✓ 0.011 91.56 96.58 94.00 98.26 100.00 99.12

Figure 10. Geographical overview of the field demonstration
site. The study area lies along a shallow side channel of the Uji
River in Uji City, Kyoto Prefecture, Japan. The detailed UAV
orthophoto (bottom right) shows the test site (Area 1) and the
locations of two submerged verification targets (Point 1 and

Point 2) used for quantitative depth evaluation.

5. Field Demonstration

5.1 Data Acquisition

To assess practical applicability under uncontrolled outdoor
conditions, we conducted a field demonstration. While large-
scale statistical benchmarks remain future work, this experi-
ment provides evidence that the proposed pipeline is feasible
for in-situ UAV bathymetry when the water surface is calm and
relatively clear.

Imagery was acquired with a DJI Mavic 3 Enterprise UAV (DJI,
2023) equipped with an RTK-GNSS module. A polarizing filter

was used to attenuate specular reflections from the air-water
interface. The study site was a side channel of the Uji River
with maximum depth of approximately 1 m. We selected this
location for its tranquil surface and high water clarity, which
help isolate refractive geometry errors from confounding effects
such as turbidity and wave-induced distortion (Figure 11).

Camera intrinsics and extrinsics, treated as fixed priors during
RA-GS optimization, were estimated with SfM using Reality-
Scan (RealityScan: A Photogrammetric System for 3D Recon-
struction, n.d.). To reduce refraction-induced artifacts in pose
estimation, the water surface was segmented and masked with
DINO.txt (Jose et al., 2025), a vision–language model built on
the DINOv3 architecture (Siméoni et al., 2025). This prompt-
driven segmentation affords zero-shot adaptation across diverse
scenes and reduces manual preprocessing. The global coordin-
ate frame was aligned by fitting a rigid transform that maps
shoreline points to the plane 𝑧 = 0, so the still-water surface
serves as a known reference datum.

Flights were performed at 12 m altitude above the channel,
yielding an approximate ground sampling distance (GSD) of
13 mm/pixel. The dataset comprises 188 images: 108 nadir
views with 85 % forward and side overlap, and 80 oblique views
captured manually on a circular trajectory around the target, with
pitch angles between approximately 30◦ and 45◦. For RA-GS
training, images were downsampled by a factor of four, giving
an effective resolution of about 1300 × 1000 pixels.

5.2 Implementation

We integrated the refractive transformation into 2D Gaussian
Splatting (2DGS) (Huang et al., 2024) using the open-source
gsplat implementation (Ye et al., 2025). Following the original
2DGS formulation, we apply the depth-distortion and normal-
consistency regularization terms to encourage smooth surface
geometry.

The initial point cloud was obtained from COLMAP Multi-
View Stereo (Schönberger et al., 2016). As in our synthetic
experiments and standard photogrammetric bathymetry prac-
tice, initial depths were scaled by the nominal refractive index
of water, 𝑛 = 1.33 (Westaway et al., 2001, Woodget et al., 2014).
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Figure 11. Overview of the Refraction-Aware Gaussian Splatting (RA-GS) pipeline for real-world UAV imagery. For reliable
Structure-from-Motion (SfM) camera alignment, water surfaces are segmented and masked automatically from text prompts using

DINO.txt. The Multi-View Stereo (MVS) point cloud is scaled by the refractive index of water (𝑛) to initialize RA-GS optimization,
following common shallow-water practice. The optimized refraction-free Gaussian model provides high-fidelity novel view synthesis

(RGB and depth) and dense riverbed mesh extraction via truncated signed distance function (TSDF) fusion.

Table 3. Depth estimates and errors at two submerged verification targets (Point 1 and Point 2). “+ Refractive scaling” denotes post
hoc depth scaling by 𝑛 = 1.33. Mean and relative errors aggregate the two points.

Point 1 Point 2 Mean Error Relative Error
Method Depth [cm] Error [cm] Depth [cm] Error [cm] [cm] [%]
Measured (Ground Truth) 61.0 – 71.0 – – –
COLMAP MVS 43.7 17.3 51.2 19.8 18.6 1.54

+ Refractive Scaling 58.3 2.7 68.3 3.7 3.2 0.267
2DGS 39.0 22.0 44.9 26.1 24.1 2.00

+ Refractive Scaling 51.2 9.8 60.0 11.0 10.4 0.867
RA-GS (Ours) 60.7 0.3 70.7 0.3 0.3 0.025

Figure 12. Left: The high-resolution RA-GS mesh with centimeter-scale markers clearly visible. Right: Qualitative comparison of
dense riverbed reconstructions from the field dataset. Depth (m) follows the color bar; the still-water surface is at 𝑧 = 0 m. For clarity,
meshes are voxelized at 8 cm. (a) COLMAP MVS produces a fragmented, noisy surface because multi-view correspondence through

the interface is inconsistent. (b) 2D Gaussian Splatting (2DGS) yields a smoother mesh but systematically underestimates depth,
visible as overly shallow colors when refraction is ignored in the reconstruction model. (c) RA-GS (Ours) explicitly models refraction

and recovers a dense bathymetric surface consistent with the in-situ measurements.
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Optimization ran for 30,000 iterations with default 2DGS hyper-
parameters. We applied refractive correction only to submerged
Gaussians, i.e., those satisfying 𝑝𝑧 < 𝑧water level, thereby jointly
optimizing above-water and underwater regions. Dense meshes
were extracted by truncated signed distance function (TSDF) fu-
sion (Curless and Levoy, 1996) via the Open3D API (Open3D: A
Modern Library for 3D Data Processing, n.d.). Consistent with
the evaluation in the 2DGS paper, median depth maps were
used as TSDF input. Given a GSD of 13 mm, we set the TSDF
voxel size to 3 cm (approximately 3×GSD) and the truncation
distance to 10 cm (approximately 3× voxel size) (Figure 11).

5.3 Evaluation and Results

Two verification targets were placed on the riverbed and their wa-
ter depths were measured in situ with a ruler. Because underwa-
ter RTK-GNSS fixes are impractical, target horizontal positions
were identified on the high-resolution RA-GS mesh, where the
centimeter-scale markers were clearly visible (Figure 12 left).
To reduce sensitivity to local noise, reported depths were com-
puted as the mean of four samples around the base of each
target.

Table 3 summarizes depth accuracy relative to COLMAP MVS
and 2DGS. Relative error is defined as the mean absolute depth
error divided by the flight altitude (12 m). For COLMAP MVS
and 2DGS, we report both raw MVS/GS depths and depths after
uniform scaling by 𝑛 = 1.33 (Westaway et al., 2001, Woodget
et al., 2014).

RA-GS estimates depths of 60.7 cm and 70.7 cm at Point 1 and
Point 2, respectively, compared with ground truth of 61.0 cm
and 71.0 cm; the mean absolute error is 0.3 cm, or 0.025 % of
the flight height. This relative error is on the same order as the
0.02 % figure reported for multi-view refractive correction with
explicit ray tracing (Dietrich, 2016), while RA-GS addition-
ally delivers a dense surface representation rather than sparse
bathymetric samples.

Even after refractive scaling, the baselines remain biased shal-
low: corrected COLMAP MVS attains a mean absolute error of
3.2 cm, and corrected 2DGS 10.4 cm. These gaps indicate that
uniform depth scaling does not remove the multi-view incon-
sistency induced by refraction at a planar interface. Embedding
a refraction-aware observation model in the reconstruction stage
is therefore important for metrically reliable UAV bathymetry
from above-water imagery.

6. Conclusion

We introduced Refraction-Aware Gaussian Splatting (RA-GS), a
novel framework that integrates a physically rigorous two-media
refraction model directly into the Gaussian Splatting optimiza-
tion process. By deriving a fully differentiable analytical trans-
formation that maps underwater Gaussians to their refracted
appearances in aerial imagery, our method enables refraction-
free 3D reconstruction without relying on post-hoc empirical
depth scaling or data-driven priors. Extensive experiments on
a physically based synthetic riverbed dataset demonstrate that
RA-GS substantially mitigates refractive distortions, achieving
high-fidelity novel view synthesis and geometric recovery. Fur-
thermore, our in-situ field demonstration validates the method’s
capability to deliver precise bathymetric geometries on real-
world datasets.

6.1 Limitations and Future Work

We assume a calm water surface and geometric refraction
through a planar interface; specular reflections, volumetric at-
tenuation and scattering, and Fresnel mixing are not modeled
and appear as residual photometric error in practice. Camera
extrinsics, water-surface height, and refractive index (𝑛=1.33)
were treated as known or fixed. At sites with weak ter-
restrial control, structure-from-motion can yield inaccurate
poses; such settings motivate tighter integration with refraction-
aware bundle adjustment (Makris et al., 2024). Although impli-
cit differentiation supplies gradients with respect to extrinsics
and 𝑛, joint optimization of pose and index will require careful
schedules and constraints to remain stable.

We see three concrete extensions. First, validation on larger and
more diverse synthetic and real-world datasets should be paired
with radiometric underwater priors (e.g., WaterSplatting (Li
et al., 2025), SeaSplat (Yang et al., 2025)) so that appear-
ance and geometry are disentangled under turbid or strongly
attenuating water. Second, the isotropic scale correction in
Section 2.2 can be replaced by a full anisotropic covariance
correction, Σ3𝐷

app = 𝐽appΣ
3𝐷𝐽⊤app, to better match the view-

dependent stretching induced by refraction. Third, the radiance
reduction at the air-water interface follows from etendue con-
servation (𝐿𝑎=𝐿𝑤/𝑛2); combining this with gamma-corrected
sRGB yields a consistent per-Gaussian photometric scaling
𝒄′
𝑘
= 𝑛−2/𝛾𝒄𝑘 , which enables the color parameters to represent

the true in-situ albedo, rather than baking the refraction-induced
darkening into them.

Overall, this work takes a significant step toward resolving the
long-standing challenge of refractive distortion in photogram-
metric bathymetry. By tightly coupling optical physics with ex-
plicit 3D representations, RA-GS lays the mathematical founda-
tion for accurate depth mapping in shallow aquatic environments
and opens new directions for physically grounded reconstruction
in refractive media.
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