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Abstract—Underwater visual pose estimation remains chal-
lenging due to severe image degradation and the scarcity of
labeled underwater data. Building on our recent two-stage
framework, we propose a three-stage learning framework that
exploits increasingly realistic supervision to bridge the domain
gap between in-air and underwater images. The framework
learns from synthetic underwater images generated from labeled
in-air datasets, adapts to real underwater images through self-
supervised learning, and is refined using pseudo-labels from
pretrained 3D foundation models. Experiments on Aqualoc-based
pairwise pose estimation and SeaThru-NeRF dense mapping
demonstrate improved pose, trajectory, and reconstruction accu-
racy over 3D foundation models while maintaining a lightweight,
real-time model.

Index Terms—Underwater pose estimation, transfer learning

I. INTRODUCTION

Underwater visual pose estimation is important for robotic
navigation, inspection, and mapping [1]. Although learning-
based correspondence methods such as SuperPoint [2] and
MicKey [3] achieve strong performance in terrestrial en-
vironments, their performance degrades underwater due to
image degradation caused by absorption, scattering, turbidity,
and illumination changes [4], together with the scarcity of
labeled underwater pose datasets [1]. Existing underwater
methods mainly improve feature robustness through image
enhancement or appearance-based learning [5], while adapting
geometry-aware pose estimation to underwater environments
remains unexplored.

Building on our recent two-stage learning framework MK-
UW [19], which learns from synthetic labeled data and adapts
to real underwater images through self-supervised learning,
this paper introduces a third learning stage that exploits
pseudo-labels generated by pretrained 3D foundation mod-
els. The resulting progressive three-stage learning framework
combines supervised, self-supervised, and pseudo-supervised
learning to exploit increasingly realistic supervision without
requiring manually labeled underwater poses. Our contribu-
tions are: (i) a pseudo-label refinement stage that provides
multi-view geometric supervision using pretrained 3D foun-
dation models; (ii) an evaluation of representative foundation
models as pseudo-label generators; and (iii) experiments on
Aqualoc-based pairwise pose estimation and SeaThru-NeRF
dense mapping, showing improved pose, trajectory, and re-
construction accuracy with a real-time, lightweight model
compared with 3D foundation models.

II. METHOD

Our framework extends the two-stage framework [19] with
a third learning stage using pseudo-labels from pretrained 3D
foundation models (Fig. 1), providing multi-view geometric
supervision without manually labelled underwater poses.

A. Base Two-Stage Framework (Stages I-II)

Stages I and II follow our previous framework [19]. Stage I
performs supervised transfer learning on synthetic underwater
images generated from labelled in-air RGB-D data, while
Stage II adapts the model to real underwater images through
self-supervised learning. Although these stages improve ro-
bustness to underwater appearance, they lack real 3D geomet-
ric supervision, motivating Stage III.
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Fig. 1. Three-stage learning framework: (I) supervised transfer, (II) self-
supervised adaptation, and (III) pseudo-supervised refinement.

B. Stage III: Pseudo-label Refinement

Stage II adapts the model to real underwater images through

homography consistency, but it cannot capture the true three-
dimensional viewpoint changes encountered in underwater
environments. To address this limitation, Stage III introduces
pseudo-supervision using pretrained 3D foundation models.
Specifically, a pretrained 3D foundation model generates
pseudo-labels from real underwater image pairs, providing
multi-view geometric supervision without requiring manually
labelled underwater poses.
Generating pseudo-labels. Given a real underwater image
pair (I,I'), a pretrained 3D foundation model predicts a
pseudo ground-truth relative pose T = (R,t) from the
estimated scene geometry. Pseudo-labels are generated offline
and incur no additional training or inference cost.



Selecting reliable pseudo-labels. Foundation models may
produce unreliable pseudo-labels for degraded underwater
images. We therefore assign each pseudo-label a reliability
weight w € [0, 1] based on the generator confidence ¢ and
a geometric self-consistency check. Specifically, the average
reprojection error is defined in [3]:

€ge0 = ﬁ xgs HT((TD(X) K*1k> - m(x)H2 , (1)

where K is the camera intrinsic matrix, which is non-singular.
The notion of m(-) denotes perspective projection, x is the
homogeneous pixel coordinate, and m(x) is the corresponding
point in I’. The reliability weight is

w = cllegeo < 7] exXp(—€ge0/0), 2)

which rejects unreliable pseudo-labels and smoothly down-
weights the remaining samples. Herel[-] is the indicator func-
tion, which equals 1 when ez, < 7 and 0 otherwise, 7 is
the reprojection-error threshold, and o is a scale parameter
controlling the exponential decay of the reliability weight.
Learning from pseudo-labels. The model is refined by min-
imizing the following loss

Lstage3 = ]EJNP(J) {w Zpose (h(J)7 T)} + /\regLrega (3)

where {05 is the pose loss introduced in Stage I and L,
is the regularization term used to preserve the Stage II
representation [19]. Stage III is performed after Stage II so
that refinement operates on features already adapted to real
underwater images. To preserve the descriptor quality learned
in Stage II, the final objective becomes £ = Aps Lstage3 +Lstage2s
where Lgage is defined in [19] and Ay is a positive constant.

III. EXPERIMENTAL RESULTS

We evaluate MK-UW on an underwater visual pose estima-
tion benchmark from the Aqualoc dataset [7]. Performance is
measured using TranE, RotE, RepE, PrecP, PrecV, AucP, and
AucV (defined in [19]).

A. Effect of the Pseudo-label Generator

We compare three 3D foundation models—VGGT [13],
MASt3R [20], and DUSt3R [21]—as pseudo-label generators
while keeping Stages I-II fixed. Table I compares their per-
formance with the two-stage baseline (S1+S2).

TABLE I
EFFECT OF THE STAGE III PSEUDO-LABEL GENERATOR ON THE
UNDERWATER MAPFREE BENCHMARK. S1+S2 IS THE TWO-STAGE BASE
MK-UW; THE OTHER THREE ARE THE FULL THREE-STAGE MK-UW.

Generator G TranE] RotE| RepE| PrecPf AucP{ PrecV{ AucV{

S1+S52 1.35 15.06 142.65 13.92 29.30 37.58 57.92
DUStR [21] 1.37 17.40 14640 11.11 22.70 31.05 47.97
MASE3R [20] 1.37 14.28 15336 13.19 26.53 35.72 56.57
VGGT [13] 1.35 14.79 133.90 15.76 30.07 37.14 59.16

B. Downstream Application: Dense Mapping

We further evaluate MK-UW as the tracking front-end
of an online dense mapping system on the SeaThru-NeRF
dataset [15]. MK-UW estimates relative camera poses, while
Depth Anything V2 [14] predicts per-frame depth and TSDF
fusion [18] incrementally reconstructs the scene. We report
relative pose error (RPE-R, RPE-t), absolute trajectory er-
ror (ATE), absolute rotation error (ARE), and reconstruction
completeness and accuracy (Comp and C@2%), using the
COLMAP reconstruction [16] as reference. As offline refer-
ences, we additionally compare against VGGT and MASt3R.

TABLE II
DENSE MAPPING RESULTS ON THE CURACAO SEATHRU-NERF
SEQUENCE. ONLINE METHODS ARE COMPARED WITH OFFLINE
REFERENCES. BEST ONLINE RESULTS ARE SHOWN IN BOLD.

Method RPE-R® | RPE-t[m]| ATE[m]| ARE° ] Comp%| C@2%1
MicKey 5.09 0.062 0.071 375 4.69 43

2 MK-UW(S1+82) 1.29 0.046 0.059 292 4.08 18.0

5  MK-UWyasor 1.09 0.039 0.052 149 1.92 714
MK-UWygar 1.10 0.038 0.053 118 147 79.7

2 VGGT 0.42 0.004 0.007 3.1 0.88 97.5

E MASGR 1.40 0.045 0.098 16.0 1.95 533

Quantitative Table II reports trajectory and mapping results.
Among the online methods, performance improves consis-
tently from MicKey to the two-stage framework and fur-
ther with Stage III refinement. Mapping accuracy (C@2%)
increases from 4.3% to 18.0% and then to 71-80%, while
trajectory and completeness errors decrease accordingly. The
VGGT-distilled model achieves the best performance among
the online methods and outperforms the offline MASt3R
baseline across all metrics. Although offline VGGT achieves
the highest accuracy, it reconstructs the entire sequence jointly
and thus serves as an upper bound rather than an online
method. Its superior geometry also makes it the most effective
pseudo-label generator for Stage III refinement.

Qualitative. Fig. 2 shows the two-stage variants of MK-UW
(Stage I and Stage I+II) present clearer geometric features but
exhibit a scale inconsistency that distorts the map; adding the
Stage III pseudo-label refinement distilled from MASt3R or
VGGT largely removes this scale drift. The VGGT-distilled
model produces the best reconstruction, while the MASt3R-
distilled model introduces spurious blue points in near-field
regions, showing that the model conflates the strongly blue
water background with foreground structure during training.
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Fig. 2. Qualitative dense reconstruction on the Curacao SeaThru-NeRF
sequence. Stage III removes the scale inconsistency of the earlier models, with
the VGGT-distilled model producing the best reconstruction. The MASt3R-
distilled model introduces spurious near-field blue points.
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