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Underwater Visual SLAM with Depth Uncertainty and Medium Modeling
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Abstract

Underwater visual simultaneous localization and mapping
(SLAM) faces critical challenges in light attenuation and
degraded geometric consistency. Despite recent advances
of visual SLAM in indoor and urban scenes, these ap-
proaches typically assume a clear medium and neglect
medium-light interactions, leading to performance degra-
dation in underwater environments. To overcome these limi-
tations, we propose DUV-SLAM, a dense underwater visual
SLAM framework that integrates uncertainty-aware geome-
try estimation with physics-inspired neural scattering mod-
eling. Our method introduces two core innovations: i) depth
uncertainty quantification derived from differentiable bun-
dle adjustment, which propagates geometric confidence to
guide mapping optimization; and ii) a neural-Gaussian hy-
brid representation that combines adaptive 3D Gaussians
for underwater reconstruction with a neural field capturing
wavelength-dependent medium properties, optimized using
a combination of photometric, geometric, and distribution
losses. Experiments on synthetic and real-world datasets
demonstrate that DUV-SLAM achieves high-quality monoc-
ular reconstruction while maintaining real-time efficiency
and robust tracking accuracy.

1. Introduction

Background. Autonomous underwater vehicles have gar-
nered significant attention for applications such as ocean
exploration and seabed mapping [38, 46]. Traditional lo-
calization systems are constrained by severe satellite signal
loss and inertial drift. In contrast, underwater simultaneous
localization and mapping (SLAM) utilizes onboard sensors,
e.g., sonars or cameras, to incrementally build a map of un-
derwater environments (mapping) while concurrently esti-
mating vehicle position (tracking) [32, 75]. Unlike sonar-
based SLAM [8, 47], visual SLAM provides a lightweight,
cost-effective solution that maintains original hydrodynam-
ics and controllability of vehicles [42, 60]. Although visual
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Figure 1. Due to light attenuation and backscattering in water
medium, underwater visual SLAM introduces unique challenges
for both tracking and mapping with degraded observations.

SLAM has been extensively studied in indoor and urban en-
vironments [9, 13, 62, 63], its applications in underwater
domains are relatively underexplored [23].

Motivation. Despite notable advancements in visual
SLAM with recent Neural Radiance Fields (NeRF) [40]
and 3D Gaussian Splatting (3DGS) [22], existing meth-
ods remain fragile in unbounded underwater environments
due to several inherent challenges [25, 49] (see Fig. 1).
@ Light attenuation and scattering induce wavelength-
dependent color distortion and depth-dependent visibility
degradation [1]. Such illumination fluctuations impair the
reliability of feature correspondences, thereby destabilizing
state estimation in tracking. Current NeRF- or 3DGS-based
approaches [19, 39, 91], which rely on clear-medium priors,
fail to accurately model these effects, leading to suboptimal
rendering results for mapping. @ Furthermore, degraded
image quality hinders reliable depth estimation during geo-
metric initialization, amplifying outlier rates [10, 29]. This
violation of geometric consistency introduces uncertainty
in map reconstruction and impede optimization conver-
gence [16]. These challenges cause cascading degradation
in SLAM pipelines, perturbing bundle adjustment and ul-
timately corrupting scene representations [50, 51]. While
recent underwater reconstruction techniques [26, 28, 66]



model medium-light interactions via offline computation,
real-time state estimation and online mapping in large-scale
underwater scenarios remain understudied [3, 48].

Method. In this work, we propose DUV-SLAM, a dense
underwater visual SLAM framework that explicitly quanti-
fies depth uncertainty and reconstructs underwater scenes as
a hybrid 3DGS representation coupled with a neural scatter-
ing medium. The framework operates through two parallel
threads, i.e., tracking and mapping. In the tracking thread
(§3.1), DUV-SLAM iteratively estimates camera poses and
depths via a differentiable neural solver, leveraging recur-
rent dense optical flow for ordered images [68]. Depth un-
certainty is derived from variance matrices in differentiable
bundle adjustment, serving as a geometry prior for reliable
underwater reconstruction. Meanwhile, DUV-SLAM builds
a globally consistent 3D map using an adaptive 3DGS rep-
resentation enhanced with differentiable medium properties
(§3.2). The learnable parameters of the medium are condi-
tioned on viewing angles per color channel, enforcing con-
stancy along rays. The mapping process is jointly optimized
by a photometric loss during rendering and a geometric loss
weighted by the depth uncertainty. Moreover, due to sparse
geometric cues from limited initial frames, which exacer-
bate convergence instability in noisy underwater scenes, a
distribution loss is used to regularize the optimization. This
loss penalizes deviations from tracked depth priors by align-
ing the a-blended depth histogram with uncertainty-derived
confidence bounds, thereby ensuring geometric consistency.

Specifically, to address challenge @, our DUV-SLAM
introduces a physics-inspired hybrid representation that
models the entire 3D volume of underwater environ-
ments. This is achieved by integrating explicit 3DGS ge-
ometry with a separate neural scattering field to capture
medium properties. For challenge @, depth variance is
initially derived from the end-to-end tracking to quantify
state uncertainty and then propagated into the mapping
stage for confidence-aware metric reconstruction. Through
uncertainty-guided optimization, DUV-SLAM effectively
suppresses noise, achieving robust scene reconstruction.

Benchmarking. To the best of our knowledge, this work is
the first to comprehensively benchmark performance degra-
dation of existing visual SLAM methods in both real-world
and simulated underwater environments [3, 48, 74], reveal-
ing critical limitations in tracking accuracy and mapping
quality. We evaluate DUV-SLAM against existing monoc-
ular frameworks on both synthetic and real-world under-
water datasets [3, 48, 74] (§4). Experimental results in-
dicate that DUV-SLAM achieves high-quality reconstruc-
tion while maintaining competitive tracking accuracy and
speed, e.g., 2.40m ATE and 29.44 PSNR with 26.52 FPS
vs 3.37m ATE and 24.16 PSNR with 23.09 FPS of Photo-
SLAM [19] in real-world scenes [48]. This demonstrates
the potential of our method in practical applications.
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2. Related Work

In this section, we briefly review the most relevant stud-
ies about visual SLAM and underwater reconstruction due
to limited space, while referring readers to comprehensive
surveys [4, 8, 14,45, 65,71, 83, 86, 87] for more references.
Dense Visual SLAM. Early visual SLAM systems [5, 11,
41, 53, 70] rely on hand-crafted features and graph op-
timization, achieving remarkable real-time performance.
Later approaches [67, 69] leverage deep neural networks for
robust feature extraction, improving both localization and
mapping accuracy. Dense map representations have been
explored using point clouds [54], grids [35, 44, 58], and
meshes [72] for navigation [12, 33, 34]. Recent advances in
NeRF [40] and 3DGS [22] enable high-quality spatial rep-
resentations with continuous surface modeling and reduced
memory overhead. To optimize camera poses, several ap-
proaches [21, 39, 64, 78, 91] minimize dense photometric
errors between rendered and observed images. To enhance
tracking efficiency, decoupled systems [7, 17, 19, 37, 50, 84,
85] integrate additional feature-based or end-to-end frack-
ing modules [5, 69] with NeRF- or 3DGS-based mapping.

Despite these advancements, modern visual SLAM tech-

niques remain largely unexplored in underwater environ-
ments due to the complex optical conditions. In this work,
our DUV-SLAM integrates physics-based medium model-
ing into 3DGS-based mapping and achieves accurate track-
ing and mapping via uncertainty-guided optimization. Fur-
thermore, we systematically evaluate and benchmark exist-
ing approaches in underwater environments.
Underwater Reconstruction. With the increasing deploy-
ment of cameras, visual SLAM has emerged as an al-
ternative to traditional sonar- and bathymetry-based ap-
proaches [25, 45]. However, underwater imaging is severely
affected by light attenuation and scattering, leading to im-
age distortion and degraded features [14, 76]. To recover
color information for 3D reconstruction, deep learning-
based methods [2, 57, 61] alleviate caustic effects based on
a revised underwater image formation model [1, 30, 31].
NeRF-based underwater reconstruction [26, 59, 66, 81, 89]
decomposes the NeRF rendering equations into direct and
backscatter components for learning both scene geometry
and medium parameters. Recently, there has been a surge
of 3DGS-based studies released on arXiv. These concurrent
studies [6, 28, 36, 73, 79, 88, 90] adopt 3DGS as an explicit
representation, improving training efficiency and rendering
performance on several underwater images.

The proposed DUV-SLAM performs online state estima-
tion and concurrent underwater reconstruction. By align-
ing depth information obtained from iterative tracking and
rendering, DUV-SLAM further optimizes both tracking and
mapping. Moreover, depth uncertainty quantification is in-
troduced to weigh this alignment process, effectively sup-
pressing outliers and improving robustness.
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Figure 2. Overview of DUV-SLAM. Given an input RGB stream, the tracking module F*"“* iteratively estimates camera pose and depth
using recurrent optical flow while maintaining a factor graph for BA and loop closure (§3.1). Depth uncertainty, derived from BA, is
incorporated as a geometric prior into mapping. The underwater scene is represented by a set of Gaussian primitives G coupled with a
neural medium model ™%, both of which are jointly optimized via uncertainty-guided learning (§3.2). See §3 for more details.

Uncertainty in SLAM. Early study [70] adopts extended
Kalman filters for mapping and introduces uncertainty mod-
eling to enhance robustness. [80] leverages deep net-
works to jointly estimate depth, pose, and photometric un-
certainty in visual odometry. Building upon this, neural
SLAM methods [10, 27, 50, 51, 55] use online uncertainty
learning for dense depth estimation, enabling adaptive loss
reweighting in tracking and mapping via self-supervised
training. Similarly, 3DGS-based frameworks [18, 29, 77]
utilize depth uncertainty to selectively optimize Gaussian
primitives, improving geometric stability in monocular sys-
tems. Beyond these domain-specific strategies, recent re-
searches [24, 43, 82] explore out-of-domain uncertainty es-
timation using statistical measures for generalization.

Given the inherent noise for underwater SLAM, we in-
corporate depth uncertainty quantification to regularize the
rendering loss and mitigate drift in tracking. This improves
both reconstruction fidelity and pose estimation accuracy in
challenging underwater environments.

3. Method

Overview.
RHW x3 }

Given an input RGB sequence Z = {I; €
t—g»> our method jointly estimates the state trajec-
tory S ={ Py, Dy, }X_, with camera poses P;, € SE(3) and
depths D;, € RYW (tracking), while incrementally recon-
structing a 3D map G of underwater environments (map-
ping). During tracking F'r2*(T) — {S,Ep} (§3.1), the
depth covariance X p is introduced to describe the state un-
certainty in noisy conditions. To model the complex process
of underwater light propagation, we integrate learnable pa-
rameters of scattering medium into 3D Gaussian Splatting
(3DGS)-based representation of G (§3.2), jointly optimizing
scene geometry and attenuation coefficient during mapping.
Crucially, the depth uncertainty 3 p is served as a geomet-
ric prior to suppress noise and optimize reconstruction with
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geometric consistency, i.e., F*?(Z,S,¥p)— G (Fig. 2).
3.1. Tracking with State Uncertainty

To enable robust pose estimation in degraded underwater
visibility, we formulate Ftrack a9 a differentiable neural
solver that integrates a pretrained recurrent optical flow net-
work [68] into tracking. The solver maintains a hierarchical
factor graph (V, £), where nodes V store camera poses and
inverse depth of keyframes, and edges £ represent optical
flow between pairs. For each incoming frame, we com-
pute mean optical flow magnitude across frames to trigger
dynamic graph maintenance by inserting the new keyframe
and pruning redundant frames. In addition, multi-scale bun-
dle adjustment (BA) is performed over (V, £) through local
BA, loop closure, and global BA.

BA. Local BA operates over a sliding window of over-
lapping keyframes, optimizing camera poses and inverse
depths through a dense BA layer [69]. The Mahalanobis
reprojection error is minimized for correspondences:

arg mln Z Hp],

BD (ke

PkoP Hc (pj, D sza 1)

where p ;€ RHW X2 denotes optical flow-corrected cor-
respondences [68] between frames (j, k) € €. II_ ! back-
projects 2D pixels p; with the depth D to 3D points, while
the camera intrinsic parameters II. projects transformed 3D
points to frame k via relative pose Py OPfl. The diagonal
covariance matrix X, encodes per-pixel optical flow con-
fidence, downweighting noisy measurements underwater.

State Uncertainty Quantification. To balance computa-
tional efficiency with uncertainty awareness, we compute
Jacobians J (&, D) exclusively for active keyframes within
the optimization window. The pose and depth are updated
iteratively by lie algebra & € RS and additive corrections:

P =Exp(A¢)o P, D=AD + D. 2)



The damped Gauss-Newton solver iteratively computes in-
crements (A&, AD) using the block-sparse Hessian H:

He:
HD.f

H:p | | Ag

o] 3] - e,

3)
with pose blocks Hyee, diagonal depth terms Hpp, and
cross-terms Hep = H . State uncertainty (Xp, X p) is
derived via Schur complement marginalization:

Sp = [He — H{DHngHDé}_lu

4)
Yp=Hpp,+Hp HpeSpHepHpp,

where X p leverages sparse Cholesky decomposition for ef-
ficient computation [15, 51, 69]. The depth uncertainty 3 p
serves as an adaptive geometric prior during map optimiza-
tion (Eq. 13). This uncertainty propagation mechanism is
critical for maintaining geometric consistency and recon-
struction fidelity in low-visibility conditions.

Loop Closure and Global BA. To mitigate accumulated
drift, our system integrates loop closure detection and on-
line global BA. Loop candidates are identified by thresh-
olding the mean optical flow magnitude between the active
keyframe window and historical keyframes. For mapping
consistency, we periodically execute global BA over the
complete keyframe set via a sparse pose graph optimiza-
tion. This hierarchical approach maintains local accuracy
while ensuring global consistency in underwater conditions.

3.2. Mapping with Underwater Medium Modeling

The mapping module F™ processes input frames Z =
{I,,}_, with per-pixel depth uncertainty X p from Frack,
We model the underwater scene as a hybrid 3D Gaussian
Splatting (3DGS) representation G ={G; }_, coupled with
a neural scattering medium F"¢¢ that predicts attenuation
coefficients. G and F™°? are optimized jointly through a
differentiable rendering pipeline.

Volume Rendering with Medium. To model light trans-
port in underwater environments, we extend classical vol-
ume rendering [20, 40] by explicitly accounting for scat-
tering medium rather than clear air. For a camera ray
r(t) o + ts with origin o and direction s, the ren-
dered color C(r) integrates contributions from both scene
instances and the participating medium:

C(r) / b T(t) (o™ ()™ (t) + o™ (t)c™ " (t))dL,
0 Q)

T(t) = exp (- /O T (0w + o) dr).

where ¢™¢4(t)/c™™*(t) and o™¢4(t) /"% (t) are color and
density of underwater instances and medium at position ¢.
The transmittance 7'(t) follows the Beer-Lambert law, at-
tenuated exponentially by both scene and medium densities.
t is the Euclidean distance along the ray, and is proportional
to the estimated depth D along the camera’s optical axis.
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3DGS with Differentiable Medium. To achieve high-
fidelity reconstruction, we represent underwater scenes
through adaptive 3DGS [22] enhanced with learnable
medium properties. Each 3D Gaussian primitive G is based
on a Gaussian kernel defined by the covariance matrix
3¢ € R3*3 and mean p € R3. During rendering, 3D
Gaussians are projected onto 2D image space via perspec-
tive projection and corresponding Jacobian of the affine ap-
proximation. The resulting 2D Gaussians G are described
by 1 € R? and X € R?*2, The pixel color C(r) along
ray integrates contributions from depth-ordered Gaussians
{G}N_, and the participating medium by a-blending. By
subdividing the ray propagation path into /N sampling inter-
vals, Eq. 5 is discretized as:

Oy =3 Co(r)+Cm(r),

where C$ (r) denotes the color contribution from the Gaus-
sian field over the n-th interval, and C™¢¢(7) accounts for
the background medium beyond the last Gaussian Gn. As-
suming that the instance color ¢/™* and the blending coef-
ficients o’™® remain constant within the interval [t,,_1,,],

the per-interval contribution can be expressed as:

(6)

C,,?(T) Tn(t)CZLSOK::LS-‘r/ Tn(t)o'”wdcnwddt, (7)

tn—1
' is the product of the primitive’s opacity and den-
sity, and 7T}, (t) is the transmittance between G,,_1 and G,.

Specifically, T,,(t) is decomposed as:

where o

T (1) =Ti o T = TI5H (1 — ad™)o exp(—a™%). (8)

where the instance term 77:"* captures the occlusion effect
from preceding Gaussian primitives, and the medium term
Tmed accounts for the attenuation. For the first term in
Eq. 7, we fix T,,(t) = T,(t,) as a constant, while T, (t)
is integrated over the interval for the second term. Owing
to the unbounded nature of underwater environments, the
background medium contribution is modeled as:

cmed(r) :/ T, (t)o ™4™ dt. )
tN
Underwater-Adaptive Attenuation Model. Although

general volume rendering models (e.g., for haze or smoke)
use a uniform medium attenuation term exp(—o"¢%) as
in Eq. 5. Recent work [1] on underwater image formation
indicates that underwater light propagation differs funda-
mentally from that in the atmosphere. In particular, the di-
rect signal and the backscattered signal attenuate at different
rates. The rendering equations Eq. 6 and 7 currently em-
ploy an identical attenuation coefficient ¢¢¢ for both the
instance and medium components. To account for the dis-
tinct underwater properties, we introduce separate parame-
ters c®* and 0% into T}, (t), i.e., 0™ = ¢ for the in-
stance term and 0™*% = ¢ for the medium term. Based



on a wavelength-dependent optical model [1], we disentan-
gle these effects through a spectral neural medium model
Fmed which takes the position-encoded viewing direction
s as input and yields constant values along each ray r:

(Cmed a.tt7 a_bS)

= F"t, s). (10)

, O

While conventional underwater image formation [1] relies
on raw sensor data, our method captures medium proper-
ties with differentiable photometric consistency, enabling
effective learning directly from processed RGB images.
This physics-informed modeling enhances wavelength-
aware rendering quality in underwater conditions.
Uncertainty-Guided Optimization. To enhance recon-
struction fidelity in noisy underwater conditions, we pro-
pose a probabilistic depth supervision mechanism that
leverages tracking-derived uncertainty 3 p (Eq. 4). The
rendered depth D(r) for pixel ray 7 is computed as the ex-
pected termination distance via a-blending:

SN T (t)aird,
Sy Tu(t)ais

where d,, denotes the distance to the mean g of Gaussian
G, along the camera’s optical axis. Inverse depth is em-
ployed by default to improve numerical stability and con-
vergence. We model the tracked depth D as a normal dis-
tribution N (¢; d, 34) per pixel and formulate depth consis-
tency through KL divergence minimization:

d(r) = (11)

Lx = KLIN(D(r), Sp(r)| Y Tund(de — D(r))],

12)
where T}, (t) and @, are the normalized weights of trans-
mittance and blending. This aligns the rendered depth his-
togram with the uncertainty-aware estimates from tracking.

The mapping objective Ly, combines a photometric
loss Lgp and a geometric 10Ss Laepin:

Logy = L1(I, ) + Lossim(I, I),

. ; (13)
Laepn = Lvp(D, D) + Lrge-c(D) + Lki,

where Lrgp-c(D) enforces cross-channel depth consis-
tency and Lyp denotes the Mahalanobis distance weighted
by tracking uncertainty ¥ p:

Lup(D, Deracr) = || D — DH;D‘ (14)

3.3. Implementation Details

Network Architecture. Our pipeline consists of parallel
tracking and mapping threads. The tracking thread continu-
ously minimizes the BA reprojection error within an active
window of keyframes. The downsampled depth D enables
efficient update followed by a learned upsampling opera-
tion [68] to recover full-resolution depth for mapping. The
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mapping thread optimizes all keyframes received from the
tracking thread. For medium encoding, we use two linear
layers with 64 features and a softplus activation, followed
by three branches of dense layers: one with a sigmoid ac-
tivation for predicting ¢™¢?, and two with softplus activa-
tions for ¢®** and o”. We modify the rasterization used in
original 3DGS to incorporate depth rendering, introducing
an additional gradient computation branch in the backward
process for depth loss. Jointly optimization of 3DGS and
water medium parameters is achieved by minimizing a com-
bination of photometric loss and geometric loss (Eq. 13).
Gradient Scaling of Gaussian Primitives. In standard
3DGS, adaptive Gaussian densification enhances represen-
tation capability based on the 2D color gradient aacﬁ('ib).
However, in underwater scenes, the presence of the attenua-
tion factor exp(—o"¢%t) causes gradients to diminish with
distance ¢, limiting Gaussian splitting and cloning in distant
regions, resulting in sparse distributions. To mitigate this
effect, we adopt a refined densification strategy [52, 73] as
delach(expéfo'med b 32?55‘) , where detach(-) denotes stop-
ping gradient of its argument. At each densification and
pruning step, the moving averages in the Adam optimizer
of medium encoding are reset to maintain stability.
Reproducibility. Experiments are conducted on a desktop
with an Intel i19-14900K and an NVIDIA RTX 4090 GPU.
3DGS rasterisation and gradients are computed by CUDA,
while the remaining pipeline is developed in PyTorch.

4. Experiment

Datasets. We evaluate DUV-SLAM on one real-world
dataset, FLSea [48], and two synthetic datasets, MIMIR-
UW [3] and TartanAir-Ocean [74]. i) FLSea com-
prises real-world underwater scenes from two distinct re-
gions, the Mediterranean Sea’s Canyons and the Red Sea.
The Canyons includes four sequences captured at shal-
low depths (4-7m), totaling over 8K frames. The Red
Sea contains eight sequences with more than 13K frames
range from 3-8 m. ii) MIMIR-UW is a synthetic dataset
generated using Unreal Engine with four diverse environ-
ments, i.e., ‘SeaFloor’, ‘SeaFloor Algae’, ‘OceanFloor’,
and ‘SandPipe’. It consists of about 31K frames with av-
erage path length of 283 m. iii) TartanAir-Ocean is a subset
of the large-scale TartanAir benchmark, collected in photo-
realistic simulation environments with varying lighting con-
ditions. It includes 12 and 10 motion sequences in ‘Easy’
and ‘Hard’ splits, respectively, with over 7K and 6K frames,
respectively (more details can be found in Appendix).

Baselines. We benchmark DUV-SLAM against seven rep-
resentative visual SLAM approaches. ORB-SLAM3 [5]
is a feature-based SLAM system relying on lightweight
geometric features, while DROID-SLAM [69] is a deep
learning-based SLAM system leveraging optical flow es-



Canyons

Methods Metrics

Red Sea

ucC Fla HC TC

NP LP DP PP CTL CPL

ORB-SLAM3 [5] ATE [cm] | 8.36 7.56 7.81 2.83

ATE [cm] | . . .
PSNR 1 11.61 12.83 13.45 12.74
- Q
NICE-SLAM [91] SSIM 1 0.40 0.43 0.41 0.64

ATE [cm] | 9.92 8.13 6.70 4.98

: PSNR 1 1480 1567 1775 1420
. 5
UncLe-SLAM [55] SSIM + 043 040 035 044
,,,,,,,,,,,,,,, LPIPS | 049 = 041 039 045
ATE[em| ] 1471 1253 2027 ~23.13
PSNR 1 1854 2166 13.10  24.15
Q
MonoGS [39] SSIM + 047 051 046 058

LPIPS | 0.55 0.37 0.34 0.31

ATE{em]]~ 933 "~ 709 639 337

4.87 5.35 9.58 7.03 3.93 4.69 3.95 4.06

1851  8.66 14.55
052 040 049 051 032 039 047 037
043 037 047 042 038 044 039 047

T 2516 2793 1949 3297 3007 2220 2598 1615
2879 13.08 2230 1926 17.64 2037 1839  19.76

PSNR 1 17.67 23.87 18.93 24.16
Photo-SLAM [19] SSIM 1 0.46 0.60 0.53 0.68 0.54 0.69 0.72 0.59 0.64 0.71 0.67 0.73
LPIPS | 0.63 0.42 0.37 0.30 0.48 0.39 0.28 0.41 0.39 0.29 0.34 0.30
T ATE[cm] | 744 597 256 278 474 527 585 0 801 362 3.09 518 437
Splat-SLAM [56] PSNR 1 21.93 2322 23.19 20.02 22.75 19.04 21.46  20.56 2486 2743 19.63 18.83
o SSIM 1 0.55 0.64 0.60 0.54 0.70 0.57 0.61 0.63 0.69 0.73 0.54 0.56
LPIPS | 0.36 0.34 0.42 0.44 0.34 0.49 0.51 0.46 0.39 0.31 0.43 0.50
ATE [cm] | 6.73 6.42 2.56 2.40 3.07 4.50 5.71 8.73 2.07 3.44 3.95 4.02
DUV-SLAM (ours) PSNR 1 2273 2571 2455 2944 2581  26.09 2738 2548  30.03 2837 2652  27.67
SSIM 1 0.68 0.74 0.62 0.61 0.62 0.61 0.78 0.74 0.79 0.68 0.78 0.69

LPIPS | 0.30 0.19 0.22 0.28

0.36 0.28 0.29 0.19 0.17 0.32 0.15 0.24

Table 1. Quantitative results of different monocular methods on FLSea [48] (§4.1). Best results are highlighted as first and second .

timation. NICE-SLAM [91] and MonoGS [39] represent
dense SLAM paradigms based on NeRF and 3DGS, respec-
tively. UncLe-SLAM [55] introduces an uncertainty learn-
ing module into a neural SLAM framework. We report its
performance in Table 1, 2, and 3 to evaluate this module, de-
spite its reliance on RGB-D inputs. Photo-SLAM [19] and
Splat-SLAM [56] integrate the visual odometry of ORB-
SLAM3 and DROID-SLAM, respectively, into a decoupled
3DGS-based mapping process. All baseline methods are re-
produced using their publicly available implementations.
Evaluation Metrics. To evaluate tracking accuracy,
the root mean square error of absolute trajectory error
(ATE) [63] is used for the estimated trajectory. For map-
ping, we employ standard photometric quality metrics by
comparing rendered keyframe images against camera im-
ages. Specifically, Peak Signal-to-Noise Ratio (PSNR)
quantifies noise levels, Structural Similarity Index Measure
(SSIM) measures structural distortion, and Learned Percep-
tual Image Patch Similarity (LPIPS) evaluates perceptual
quality. For evaluating depth uncertainty, we use the Area
Under Sparsification Error (AUSE) for Mean Absolute Er-
ror (MAE) [29], which captures the correlation between es-
timated uncertainty and true MAE in each rendered view.
All reported results are averaged over five runs.

4.1. Quantitative Results

Performance on FLSea [48]. Table | presents a quan-
titative evaluation on Canyons and Rea Sea splits, in-
cluding four and eight sequences, respectively. In terms

975

of rendering, DUV-SLAM outperforms all 3DGS-based
baselines (i.e., MonoGS [39], Photo-SLAM [19], and
Splat-SLAM [56]) across most sequences, benefiting from
medium modeling and uncertainty-aware geometric opti-
mization. The results of UncLe-SLAM [55] indicate that
degradation in underwater environments remains signif-
icant, even with depth information as an additional in-
put. Moreover, the tracking performance of DUV-SLAM is
comparable to Photo-SLAM [19] with robust tracking mod-
ules [5], e.g., 6.73cm vs 9.33cm ATE on ‘UC’ split.

Performance on MIMIR-UW [3]. Table 2 reports perfor-
mance comparison of our method against other competi-
tors across four underwater environments. Compared to
other baselines, our method achieves top rendering quality
on most scenes, including 28.68 PSNR and 0.77 SSIM
on Sand Pipe ‘t0-d’. Although our approach demonstrates
obvious improvements over baseline methods, the ATE ex-
ceeding 10 meters remains non-negligible, suggesting the
need for further research on long-sequence tracking, e.g.,
the ‘t1-1’ split of Ocean Floor with more than 6K frames.

Performance on TartanAir-Ocean [74]. As shown in Ta-
ble 3, DUV-SLAM demonstrates promising reconstruction
performance in both ‘Easy’ and ‘Hard’ splits. Notably,
in the more challenging ‘Hard’ split, our approach out-
performs all 3DGS-based baselines, e.g., 27.57 PSNR vs
24.13 of Splat-SLAM [56], demonstrating its effectiveness
in complex underwater environments.

Uncertainty Quantification Evaluation. To assess the



Methods Metrics SeaFloor SeaFloor Algae Ocean Floor Sand Pipe
{0 t 2 {0 tl 2 0d 01 1 t0d 0
ORB-SLAM3 [5]  ATE[m]| 367 878 518 299 LI5 916 578 837 2366 2008 685
" DROID-SLAM[69] ~ ATE[m]] 490 693 1210 247 376 819 ~ 579 903 17.66 1547 634
77777777777777 ATE[m]] 922 = 1052 11.10  13.14 1049 1121 1046 1645 21.14 20.19 23.06
PSNRT 1601 1524 1560 1434 1498 13.97 2465 2093 1998 2454 20.11
NICE-SLAM[91] SSIMT 036 040 025 033 032 027 08 078 079 076 068
LPIPS, 060 065 058 059 058 061 017 032 028 020 032
I ATE[m]] 935 ~ 1151  9.66 847 1064 731 1501 9.09 ~ 793 1024 8.18
. PSNRT 1845 1393 1559 1587 959 1594 2151 1451 1667 1858 18.24
UncLe-SLAMISST qopvit 050 047 045 054 055 060 059 056 040 035 052
LPIPS| 061 059 056 065 049 043 039 063 067 060 058
I ATE[m]] 897 ~ 9.87 1408 7.64 795 1237 944 1290 2794 1795 926
MonoGS [39] PSNRT  17.13 2146 1900 2052 2480 17.61 2091 1750 2022 2306 19.81
: SSIMT 040 048 042 038 053 041 046 043 052 055 044
LPIPS| 041 037 044 032 040 032 036 042 045 032 039
B ATE[m]] 386 906 574 329 183 971 667 926 1956 1824 690
PSNRT 2084 2253 2101 2067 2446 2549 21.64 2226 30.12 2568 23.42
Photo-SLAM [19] SSIMT 049 047 051 052 047 058 055 058 066 059  0.53
LPIPS| 035 040 043 027 040 033 034 030 027 030 033
I ATE[m]] 563 763 922 825 497 755 683 914 2008 1272 721
Splat-SLAM [56] PSNRT 2495 2014 1986 = 2519 2467 2320 2219 1806 1996 2439 2176
: SSIMT 062 045 049 066 054 065 062 054 055 067 051
LPIPS| 022 045 039 026 037 025 029 041 031 026 036
ATE[ml] 470 690 921 203 379 807 515 702 1559 1503 628
PSNRT | 2511 23.69 25.14 2367 2584 2715 2804 2556 2470 28.68 21.96
DUV-SLAM (ours) — goivit 069 073 079 070 0.66 065 074 080 067 077 0.67
LPIPS| 021 013 017 020 018 021 018 020 019 014 022

Table 2. Quantitative results of different monocular methods on MIMIR-UW [3] (§4.1). Best results are highlighted as first and second .

Easy Hard

Methods

ATE PSNR SSIM LPIPS ATE PSNR SSIM LPIPS

ORB-SLAM3 [5] 2.03
DROID-SLAM [69] 1.15
NICE-SLAM [91] 7.44
UncLe-SLAM [55] 3.07
MonoGS [39] 9.49
Photo-SLAM [19]  2.70
Splat-SLAM [56]  1.52

2.10
0.87
5.15 19.08
220 3.20
11.22 19.79
2.60 20.37
1.06 24.13

0.70
0.24
0.61
0.65
0.59

0.49
0.59
0.40
0.36
0.39

0.65
0.21
0.51
0.59
0.57

0.46
0.77
0.45
0.40
0.36

20.61
11.13
21.68
22.19
23.54

DUV-SLAM (ours) 1.26 28.86 0.78 0.19 0.83 27.57 0.67 0.25

Table 3. Quantitative results of different monocular methods on
Tartanair-Ocean [74] (§4.1). Best results are highlighted.

MIMIR-SeaFloor Tartanair-Ocean

Methods Average
t0 tl 2 Easy Hard
UncLe-SLAM [55] 022 029 026 0.18 0.30 0.25
DUV-SLAM (ours) 0.17 020 023  0.19 0.25 0.21
Table 4. Evaluation on depth uncertainty quantification on

MIMIR-SeaFloor [3] and Tartanair-Ocean [74] (§4.1).

quality of depth uncertainty, we first reorder the pixel-level
depth values of each frame based on the predicted uncer-
tainty, and then compute the difference between the re-
ordered MAE list and the ground-truth values. We re-
port the normalized results for each sequence of underwater
scenes in Table 4. Our method yields a lower average AUSE
compared to UncLe-SLAM [55] (0.21 vs 0.25), indicating
better uncertainty quantification capability.
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4.2. Qualitative Results

Rendering Visualization. Figure 3 presents visual compar-
isons of DUV-SLAM against other NeRF- or 3DGS-based
baselines in underwater scenes of FLSea [48]. Benefiting
from geometric priors derived from depth uncertainty and
medium modeling, our approach recovers more details that
are oversmoothed in competing methods. The improvement
in PSNR further demonstrates the high fidelity of our ren-
derings. DUV-SLAM preserves fine textures and edge de-
tails even in low-texture regions. These qualitative results
validate the effectiveness of our approach and highlight its
potential for robust underwater scene reconstruction.

4.3. Diagnostic Experiment

Medium Parameters. We first validate the design of learn-
able medium parameters 0" and 0. Based on the un-
derwater image formation model [ 1], we introduce separate
parameters for direct attenuation and backscatter in Eq. 10,
ensuring 0! # %, The results in Table 5 indicate that
using a single coefficient (0% = o) fails to accurately
model underwater medium-light interactions, leading to a
decline in rendering performance across multiple metrics.
In the Tartanair-Hard [74] split, PSNR drops from 27.57 to
26.93, highlighting the necessity of distinct attenuation and
backscattering modeling for underwater resonstruction.

Uncertainty-Guided Optimization. We next investigate
the impact of uncertainty-guided optimization on the geo-



PsNR=23.26

Groundtruth NICE-SLAM [56]

PSMR=23.07

P

MonoGS[ 6]

SMR=19.86

PSMR=2583 PSMR=3098

PSNR=21,64 P5MR=25.20

Photo-SLAM|[19]

Ours

Figure 3. Qualitative results on FLSea [48]. Previous visual SLAM methods lack medium modeling, leading to suboptimal reconstructions.
Our method achieves better rendering quality with the highest PSNR and effectively preserves fine details, even in distant regions (§4.2).

FLSea-Canyons-Fla

PSNR SSIM LPIPS PSNR SSIM LPIPS

w/o Medium Modeling 23.62 0.66 029 24.08 0.61 0.33
oot = gbs 25.13 070 0.18 2693 0.69 029

ot £ gbs 2571 0.74 0.19 27.57 0.67 0.25

. T ir-H:
Medium Parameters artanair-Hard

Table 5. Ablation study of different designs for medium parame-
ters on FLSea [48] and Tartanair-Ocean [74] (§4.3).

Lgepth FLSea-Canyons-Fla Tartanair-Hard
Lvp Lree.c Lxr PSNR SSIM LPIPS PSNR SSIM LPIPS
— — — 2377 061 034 2478 0.60 0.28
— v v 2483 0.69 0.27 2560 0.62 0.29
v v — 2501 0.69 0.23 2670 0.64 0.25
v v v 2571 074 019 2757 0.67 0.25

Table 6. Ablation study of uncertainty-guided optimization on
FLSea [48] and Tartanair-Ocean [74] (§4.3).

metric loss Lgepn in mapping (Eq. 13). Depth uncertainty
derived from fracking is served as a geometric prior to regu-
larize the Mahalanobis distance loss Lyp (Eq. 14) and mini-
mize the depth distribution loss Lk (Eq. 12). In Table 6, the
absence of Lyp results in a noticeable performance drop,
with PSNR decreasing from 27.57 to 25.60. In addition,
we observe that Lyp and Lk are complementary, jointly
contributing to improved geometric optimization.

Runtime and Memory Analysis. Table 7 presents the run-
time and memory consumption evaluated on FLSea [48]
using an NVIDIA RTX 4090 GPU. Our DUV-SLAM op-
erates at an average speed of 23.09 FPS with a peak mem-
ory usage of 9.43 GB. While 3DGS-based baselines sup-
port the GPU-accelerated rasterization, they incur slightly
higher per-iteration latency due to low-light fitting require-
ments. Despite introducing learnable medium parameters,
DUV-SLAM converges efficiently, demonstrating its poten-
tial for real-world underwater applications.

Different Tracking Modules. Table 8 shows the results of
map rendering using different tracking modules. To evalu-
ate the effectiveness of our overall design, we incorporate
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Metrics MonoGS [39] Photo-SLAM [19] Splat-SLAM [56] Ours
GPU [GB] 14.57 8.21 17.66 9.43
Average FPS 20.17 23.09 16.33 26.52

Table 7. Runtime and memory usage of NeRF- and 3DGS-based
baselines on ‘TC’ split of FLSea [48] (§4.3).

FLSea-Canyons MIMIR-Sand Tartanair-Hard

Medium Modeling
ATE PSNR ATE PSNR ATE PSNR
MonoGS* [39]  22.03 2561 1827 23.89 11.09 2251
Photo-SLAM* [19] 3.64 26.07 17.63 26.11 2.77 23.36
DUV-SLAM (ours) 2.40 29.44 15.03 28.68 0.83 27.57
Table 8. Medium modeling with different tracker on FLSea-

Canyons-TC [48], MIMIR-Sand Pipe-t0-d [3], and Tartanair-
Hard [74]. “*’ denotes incorporating medium modeling (§4.3).

medium modeling (Eq. 7) into various baseline methods.
By directly optimizing 3D Gaussians with medium proper-
ties for tracking, MonoGS* [39] achieves promising render-
ing performance, obtaining a PSNR of 25.61 on FLSea [48].
Although Photo-SLAM* [19] leverages well-crafted ORB
features [5] for real-time tracking, our method surpasses it
in both trajectory estimation (2.40cm vs 3.64cm ATE) and
rendering (29.44 vs 26.07 PNSR) due to geometric priors.

5. Conclusion

In this work, we propose DUV-SLAM, a dense underwa-
ter visual SLAM framework that addresses the inherent
challenges of unbounded underwater environments. By
quantifying depth uncertainty and incorporating a physics-
inspired hybrid 3DGS representation, our method enables
robust real-time state estimation and high-fidelity scene re-
construction. Extensive evaluations on synthetic and real-
world datasets demonstrate that DUV-SLAM outperforms
existing baselines in both tracking accuracy and rendering
quality with competitive tracking speed and memory effi-
ciency. Future work will focus on extending the framework
to more diverse underwater scenes and longer sequences.
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