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Global Underwater Geolocation from Time-Lapse Polarization Imagery
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Figure 1. Left: Our method takes a sequence of underwater images of the sky, using the polarization pattern, computes the solar elevation
curve (extremely challenging, Fig. 4) and from it, computes geolocation. Right: Our method exhibits very substantial improvements over
SOTA in cross-site geolocation accuracy. Colors denote test sites; line style denotes methods (solid: ours; dashed: SecTran-MIM [3];
dotted: RI-ResNet-RDM [2]) I, Florida Keys zoom (other sites in Supplementary Fig. S12); circle radii equal each method’s median
geodesic error (kilometers along the Earth’s surface); all maps share a common geographic scale. The full distribution of errors for our
method in II and the baselines in I1I; note the horizontal axis is expanded 8-fold to accommodate their larger errors. Black diamonds mark
site-averaged performance. Across the six sites, our model yields median errors of 300-800 km, whereas SecTran-MIM and RI-ResNet-
RDM range from 1,700-6,800 km across the four sites they report. Baseline outliers beyond the axis limits are omitted for clarity.

Abstract

It is extremely hard for an underwater agent to know where
it is. Satellite signals disappear within centimeters of the
surface; acoustic baselines require heavy infrastructure to
instrument small regions. The polarization of the sky, visi-
ble underwater, reveals the elevation of the sun. The pattern
of elevation over the day reveals location to an agent with
a clock. However, recovering elevation from polarization
images is very difficult. State-of-the-art (SOTA) geolocal-
ization methods can localize well for locations where they
have seen data, but accuracy collapses when the data comes
from a new location. Our physics-guided synthesis pipeline

6464

expands a huge library of polarization images from a small
set of sites to 2.8 million solar-elevation—matched train-
ing sequences spanning latitudes, seasons, and water types.
A compact two-stage transformer reconstructs the solar-
elevation curve and predicts geolocation. Under leave-one-
site-out tests, the site-averaged median geodesic error is
~500 km—about an eightfold improvement over previous
deep-learning baselines (Fig. 1); with limited target-site
data, the median error contracts to single-digit kilometers.
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Figure 2. Physics-guided simulation and transformer model for polarization-based underwater geolocalization. a, Time-lapse
polarization videos from five optically diverse sites—Rio Ceballos (Argentina), Champaign (USA), Tampa Bay (USA), Lake Ohrid (North
Macedonia), and Kona (USA)—are converted to angle-of-polarization (AoP) images and sorted by solar elevation. b, For each random
target point on a global simulation grid, the synthesizer concatenates 64 AoP frames that share successive solar elevations while varying
heading and water type, yielding a realistic sequence annotated with Coordinated Universal Time (UTC). Simulated sequences are used
to train the Polar Transformer which first reconstructs the solar elevation curve and then regresses latitude and longitude. ¢, At inference,
the model ingests real sequences (AoP frames, UTC timestamps, date) from an unseen site (example: Florida Keys) and estimates its

geographical coordinates.

1. Introduction

It is hard to know where you are if you are underwater—
GPS signals are not available. One important cue is in the
light from the sky, the polarization pattern can yield solar el-
evation. A sequence of solar elevations and time can reveal
geolocation [32]. SOTA [2, 3] geolocations have uncertain-
ties in the large 3,000 km error. We describe a method that
offers an order of magnitude improvement over SOTA.

A core technical challenge is that the data are both dense
and sparse. We have a vast number of polarization frames
captured underwater—dense in volume—but sparse in lo-
cation. Our data is collected at few locations for practical
reasons (Fig. 2). SOTA methods [2, 3] have great difficulty
predicting geolocation at new sites. Our dataset is simulta-
neously very dense in observations, and very sparse in lo-
cations. Sparsity in locations matters because effects that
make predicting solar elevation from the frames challeng-
ing are somewhat linked to location. The same elevation can
produce very different images, as a result of weather, marine
animals, water turbidity and the like (Fig. 4). We show how
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to manage the sparsity in locations using a simulation proce-
dure that exploits an important physical property: the prime
predictor of a polarization image of the sky obtained under-
water is solar elevation (Fig. 3). Our procedure uses polar-
ization time-lapse videos captured at a handful of optically
diverse sites to synthesize millions of sequences for loca-
tions and times never visited. Simulations mix observations
across sites and so each synthetic sequence in our training
corpus corresponds to a sequence of elevations that would
be observed at some site — a physically valid solar trajectory
— but mixes observations across source sites and so treats
water, marine animals and weather as nuisance parameters
which are then averaged out by the predictor. As a result,
our trained predictor exhibits geolocation accuracy and gen-
eralization very significantly higher than current SOTA.

Our key contributions are: (1) Our data-driven synthesis
leverages real sequence statistics to produce diverse, real-
istic training data. (2) We describe a model that estimates
solar elevations from angle-of-polarization (AoP) frames,
enabling accurate geolocalization. To enhance robustness,
we design a sequence dropout regularization strategy that



trains the model to operate effectively on incomplete or
short time-lapse sequences, as often encountered in real-
world deployments. (3) We demonstrate substantial per-
formance improvements over existing SOTA polarization-
based geolocation methods. (4) We release a new bench-
mark dataset to support future research.

2. Background

Geolocation for an agent underwater in the ocean is very
hard. Satellite-based navigation signals vanish within cen-
timeters of the surface [25]. Marine exploration agents
— with applications ranging from carbon-cycle monitoring
to defense — must use terrain-matching sonars or acoustic
baseline networks that are costly to deploy and can localize
accurately only within instrumented zones that are typically
less than 10 km across and are costly to deploy [29, 31, 36].
Animals use natural polarization patterns —most
prominently Rayleigh-scattered skylight— to geolocate and
navigate [12]. Animals (from dung beetles to greater mouse
eared bats) sense the sky’s e-vector pattern to maintain
headings and calibrate multisensory compasses using spe-
cialized neural circuitry [13, 18, 20, 23, 28, 34, 41]. Engi-
neering has paralleled biology: bio-inspired skylight com-
passes and robots achieve Global Navigation Satellite Sys-
tem (GNSS)-free heading and homing with polarization
sensors. Geodesy methods can even recover the celestial
pole from the sky’s polarization field [17, 19, 21, 27, 37].
Distinctive polarization patterns are visible underwa-
ter because refraction and multiple scattering generate a
partially polarized field throughout the photic zone. Many
marine animals exploit this pattern—cephalopods, stom-
atopods, crustaceans, and pelagic fish use polarization for
orientation, foraging, and camouflage [4, 22, 24, 30]. Be-
cause the pattern encodes the Sun’s daily arc, it also con-
tains information about geographic position. Sunlight pro-
vides an infrastructure-free alternative for underwater ori-
entation, geolocation, and navigation as well [35, 39, 40].
A simple, effective model of visible polarization un-
derwater rests on a first-order optical rule: for a camera
that samples an entire radial polarization field, the AoP pat-
tern is governed primarily by the Sun’s elevation; local wa-
ter optics (e.g., turbidity and color) scale contrast, and solar
heading contributes only a rigid in-plane rotation. Paramet-
ric modeling and multi-site measurements across latitudes,
headings, and elevations confirm this behavior (Supplemen-
tary Notes 2-3). There are two steps to our model of under-
water polarization. First, nearly parallel sunlight refracts at
the air—water interface; the transmitted field’s polarization
is set by Snell’s law and the Fresnel transmission coeffi-
cients, t4(6;) and ¢,(6;), and therefore depends only on the
angle of incidence #;—i.e., solar elevation—and the refrac-
tive indices of air and water. Second, the transmitted beam
undergoes predominantly single-Rayleigh scattering from
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suspended particles; the scattering angle y directs photons
toward the lens, and the AoP is perpendicular to the scatter-
ing plane. In short, geometry fixes orientation while water
optics scale contrast.

Every pixel in an underwater sky image contains ele-
vation information in our model. The camera looks largely
along the normal to the earth (upwards; at the sky). The
refraction plane contains the incident and refracted rays;
the scattering plane contains the scattered ray and the cam-
era’s optical axis. With the image plane parallel to the sur-
face (in-plane x—y axes, z-axis upward) and a fisheye lens
that records the full 360° azimuth, every scattered direction
maps somewhere on the sensor (Fig. 1). Changing solar el-
evation alters the incidence angle at the interface and there-
fore the polarization state impressed on every scattered pho-
ton, so the entire AoP pattern changes. This effect means
that every pixel in the image has information about the solar
elevation. Changing solar heading simply rotates the refrac-
tion plane about the optical axis, producing a rigid in-plane
rotation of the AoP map without altering its radial structure.

Experimental observations confirm that (a) the whole
AoP pattern depends on elevation and (b) changing so-
lar heading just rotates the image. Dawn-to-dusk time-
lapses were captured at turbid Rio Ceballos (Cérdoba,
Argentina) and ultra-clear Lake Ohrid (North Macedo-
nia). Fig. 3 shows three elevations on the morning as-
cent (25°,45°,65°) and the same three on the afternoon
descent (more in Supplementary Fig. S1). Each morn-
ing—afternoon pair shares elevation but differs markedly in
heading. After rigidly rotating each AoP frame by the solar
azimuth computed from the frame’s geodetic coordinates
and UTC timestamp, the maps recorded at the same eleva-
tion collapsed onto a single radial pattern. AoP traces along
the outer ring coincided when elevation matched, whereas
curves from different elevations remained distinct. Patterns
from the two sites overlapped closely, with differences con-
fined to turbidity-driven contrast variations that altered in-
tensity and DoLP but not AoP orientation (Supplementary
Figs. S1-S3).

Related work demonstrates optical compasses [21], but
geolocation and navigation have been harder [7-10, 32, 38,
42]. Powell et al demonstrate a model that can locate an ob-
server to within about 2,000 km, but which degrades sharply
under low solar elevation or in turbid waters [32]. Deep
neural networks trained on ten-million-frame datasets re-
duced median error to roughly 400 km at the training sites
[2]. The key challenge is that it is wholly impractical to col-
lect data from a very large number of sites (say, on a 100km
grid over the ocean). But current methods generalize poorly
to unseen locations. SOTA median error balloons to about
3,000 km when evaluated in unvisited waters [3].
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Figure 3. Solar elevation—not heading—shapes the underwa-
ter angle-of-polarization. AoP maps and profiles from a clear-
water site in Lake Ohrid are shown. Top: AoP maps at three
morning solar elevations (25°, 45°, 65°). Middle: the same el-
evations recorded hours later, after the Sun’s azimuth (heading)
has changed. All frames are rotated by the measured solar head-
ing to share a common reference direction. Bottom: AoP profiles
sampled along the white ring: profiles taken at the same elevation
(matching colors) coincide, whereas profiles from different eleva-
tions remain distinct.

3. Methodology

There is strong evidence that inferring solar elevation from
underwater images is very difficult (Fig. 4). Instead of push-
ing direct improvements on this task, we hypothesize that
training on sequences from many scattered locations should
yield significant geolocation gains. Since collecting such
real data is impractical, we simulate it.

3.1. Physics-guided synthesis of a global training set

Rather than rendering scenes with full radiative-transfer
solvers, we start from polarization time-lapses collected
at a handful of optically diverse waters and splice frames
to form new sequences (Fig. 2). To simulate a sequence,
we choose a location on earth and a day of the year, then
use first-order radiative-transfer constraints and a software
ephemeris, to construct a sequence of observations appro-
priate for that location and that day. The simulator (i)
controls elevation explicitly by selecting frames at desired
0;; (ii) breaks nuisance correlations by randomizing head-
ing and applying rigid in-plane rotations; (iii) recombines
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frames from optically distinct sites at matched elevations,
so treating water physics as a nuisance parameter; and (iv)
varies daylight coverage (morning-only, afternoon-only) to
train robustness to partial arcs.

Base data for the simulator consists of dawn-to-dusk
time-lapse videos from six widely separated and optically
diverse sites: Lake Ohrid, North Macedonia (July); Cham-
paign, Illinois, USA (September—November); Florida Keys,
USA (December—January); Tampa Bay, USA (May—June);
Rio Ceballos, Cérdoba, Argentina (January); and Kona,
Hawaii, USA (January). These locations span more than
an order of magnitude in water clarity—visibility exceeds
10 m in Lake Ohrid but can fall to ~ 0.3 m during the most
turbid hours in Champaign—providing the optical diversity
needed for generalization. Tampa Bay exhibits daily swings
in visibility (mean ~0.9 m), Cérdoba remains near 2 m,
and the Florida Keys and Kona fluctuate between roughly
0.3 m and 5 m with the tides. Every frame is tagged with its
UTC timestamp and binned by solar elevation; these anno-
tated clips become the building blocks the simulator recom-
bines into synthetic sequences that cover unvisited places
and dates.

We acquired time-lapse polarization videos with a FLIR
Blackfly S monochrome polarization camera and a Fuji-
non FE185C057HA-1 fisheye lens, mounted on a rigid
aluminum rig or tripod, recording 2040 s clips. To
limit redundancy, we retained one frame per clip. Raw
2,048 x 2,448 sensor images were demosaiced into four
analyzer channels (0°,45°,90°,135°), downsampled 4x,
and stacked. AoP images were computed from Stokes
S, 51,52 and then radially calibrated to remove the fish-
eye offset (Supplementary Note 1).

Training locations are sampled uniformly over Earth’s
surface. Because the planet is an oblate spheroid, one de-
gree of longitude spans d) 111.32cos ¢ km at lati-
tude ¢, whereas one degree of latitude is nearly constant
at about 111 km; a simple latitude—longitude grid would
therefore overweight high latitudes. We instead adopt the
area-preserving sampler of Arvo [1], which maps stratified
points from the unit square onto an arbitrary spherical trian-
gle through an area-preserving bijection.

Seasonal coverage is important because the sun drifts
over the year (Supplementary Note 5, Fig. S5), so we aug-
ment spatial sampling with a temporal dimension. The year
is divided into four-day bins; from each bin we pick one ran-
dom day, ensuring that successive trajectory samples differ
by no more than seven days—a span over which the solar
path changes only slightly.

Ephemeris: For every sampled location and selected
day we compute the solar-elevation angle at one-minute res-
olution from sunrise to sunset using Astropy [11], which
implements IAU-standard solar algorithms.

Assembly of training sequences proceeds by pairing

~
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Figure 4. Predicting independent solar elevations from indi-
vidual observations is challenging. Top: Two observations with
different exposures but identical solar elevations. Middle: Two
observations at 2PM in Lake Ohrid, Macedonia—left: July 26
(sunny), right: July 28 (cloudy, turbid). Bottom: Observations
at 10:22 AM and 10:35 AM with nearly identical solar elevations,
one is partially occluded by marine animals.

each point in a solar trajectory (elevation angle against time)
with an AoP frame. We maintain a pool of real polariza-
tion images from the empirical library. For every time step
we search this pool for the five frames whose solar eleva-
tions most closely match the desired value and randomly
pick one. Repeating this match-and-select procedure across
the entire trajectory yields a candidate sequence. Trajecto-
ries are stratified to 64 evenly spaced samples, adjusting the
spacing so that every daylight span contributes 64 points re-
gardless of length (mean spacing ~10 minutes). Because
the pool of images is large, a single trajectory can be in-
stantiated many times by re-drawing the random matches,
providing useful stochastic augmentation while preserving
physical consistency and diversity in heading and water
type. The resulting 64-frame AoP sequences span latitudes,
seasons, and optical regimes without requiring exhaustive
field collection. When a site served as the cross-site test
set, its entire library was excluded from synthesis, train-
ing and validation.

The synthesis procedure preserves the geometry identi-
fied in Sec. 2 while eliminating two key biases. Across sites,
the radial AoP pattern evolves smoothly with solar eleva-
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tion, yet its geometry is unchanged by heading or sensor
orientation. Accordingly, for a given elevation the simula-
tor chooses frames from random headings, so the masked
solar patch drifts around the image. It also mixes water
types, preventing the network from keying onto a single op-
tical regime (Supplementary Fig. S4 for a visual explanation
of the simulation). Supplementary analyses quantify these
claims: simulated sequences reproduce target elevations to
within 0.01°, and the final dataset contains a balanced num-
ber of images from each site, delivering the diversity and
uniformity required for robust, unbiased training (Supple-
mentary Note 6; Supplementary Figs. S6-S11).

Our aim is to train a model to recover an entire solar tra-
jectory from a short sequence of polarization images rather
than from isolated frames. Sequences offer three comple-
mentary advantages. First, temporal context makes the tra-
jectory estimate more accurate and more tolerant of outliers.
Second, redundancy across successive frames suppresses
sensor noise. Third, temporally ordered data align naturally
with transformer architectures—the state of the art for se-
quence learning across natural language [5, 14], audio [15],
and, increasingly, computer vision and robotics [6, 26, 33].

3.2. Polar Transformer

Our model estimates the solar curve, leverages tempo-
ral context, and the attention mechanism in transform-
ers [16, 43] that allows every point to attend to every other,
so the network can reason about global properties of the
daily arc—peak height, symmetry, and slope—rather than
making independent frame-by-frame guesses as in prior
deep models [2, 3], enforcing physical consistency and im-
proving generalization.

Objective. Given a sequence of 64 AoP frames X =
{x;}$1, with UTC timestamps 7 = {t;}%, acquired on
calendar day d, the model first predicts the solar-elevation
curve § = (81,...,56¢4) and then regresses geographic co-
ordinates (¢, A), where ¢ and \ denote estimated latitude
and longitude.

Input encoding. For each frame x; we extract a spatial
descriptor

h; = CNN(z;) € R¥,
where the CNN is a shallow convolutional neural network.
We encode the intra-day UTC timestamps as seconds past
midnight and normalized,

seconds since midnight(¢; ) c [0 1]
) i

ti 86,400

and the day-of-year (season) as a periodic two-vector,
e(d) = [sin(27 d), cos(2m d)], d = “index(d) ¢ g 1],

where D € [1,365] (366 in leap years). We concatenate
these with the spatial feature to form an input token

zi = [hi; T e(d)] € RFF3,
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Figure 5. Model. A sequence of AoP frames and temporal data are
embedded and processed by a transformer encoder to summarize
the sequence. The input and the summary token are decoded by
an MLP head to predict the solar-elevation curve. The estimated
curve and temporal context are treated as a “point cloud” and fed to
a point transformer, which regresses the geographical coordinates
(¢, M) of the camera.

add a learned 64-position embedding p;, and feed the se-
quence Z = {z; + p; }$4, to the transformer encoder.

Solar-elevation module. A vision transformer en-
coder [16] Ty processes the 64 tokens and outputs a global
state, summarizing the sequence. A multilayer perceptron
(MLP) decodes the input features and summarizing state
into a smooth solar elevation curve § = (81, ..., §¢4)-

Geolocation module. We treat the predicted curve § and
temporal context [ ti; e(d)] € R3, as a “64-point cloud”
and process it with a point transformer [43] P, to regress
latitude and longitude coordinates.

Loss function. We train end-to-end using an elevation

MSE term
64

Lyise = FZZHS? — 813,
i=1

and a cosine loss on predicted vs. true location vectors,
['cos =1- <67 C>,

where ¢ and c¢ are unit-norm Cartesian coordinates. The
total loss is

L= AelevﬁMSE + )\geoﬁcos-

Model and optimization details appear in Supplementary
Note 7.

Augmentation strategy. Since real timelapse se-
quences used at test time are often incomplete (i.e., they do
not cover full period from dawn to dusk), while our simu-
lated training sequences are complete, a model trained only
on complete sequences would fail to generalize well. To
mitigate this mismatch, we introduce a trajectory dropout
regularization strategy that randomly removes continuous
portions of the input sequence during training. This encour-
ages robustness to missing temporal segments and improves
generalization to real-world incomplete sequences. Details
about the real test sequences are provided in Supplementary
Note 10 and Fig. S16.

4. Result

Setup. At each site, the empirical library is ordered chrono-
logically and split 85%/15% into training and validation;
when a site serves as the cross-site test set, its entire li-
brary is excluded from synthesis, train and val for every
method. We compare against strongest published methods
using their reported results, obtained under the same dataset
and experimental setting. Note baseline numbers for Rio
Ceballos and Kona are not available.

Cross-site geolocation. Fig. | summarizes cross-site
performance with each of the six locations held out in turn.
Panel I zooms into the Florida Keys so the extent of errors
(i.e. geodesic circle of error) is visible. Panels II-III show
ours and baselines’ error distributions.

With the Florida Keys withheld, our model attains a me-
dian geodesic error of 465 km, compared with 1,733 km
for SecTran-MIM and 2,786 km for RI-ResNet-RDM. Av-
eraged over the six leave-one-out trials, the site-averaged
median geodesic error is 513 km. By contrast, the strongest
published baselines report 2,394 km and 3,971 km on
the four sites they evaluate—an ~eightfold gap. Zoomed
views for all test sites are provided in Supplementary
Fig. S12. Directional-error analysis appears in Supplemen-
tary Fig. S13 for North-South error and Fig. S14 for East-
West error.

Same-site geolocation. We next examine the sim-
pler—yet operationally important—case in which the
model is trained and tested at the same location and season,
shown in Fig. 6.

For the same-site study we examined three variants.
Variant a trained on the real 85% split and was evaluated
on the held-out 15%. Variant b trained on simulator se-
quences that could include frames from the target site, while
variant ¢ excluded all target-site frames during synthesis.
Both simulator-trained models perform on-par with vari-
ant a, indicating that physics-guided synthesis supplies suf-
ficient optical diversity, enough to replace on-site collec-
tion. Our model (variant @) attains a mean geodesic error
of 9 km averaged across Lake Ohrid, Champaign, Tampa
Bay, the Florida Keys, Rio Ceballos, and Kona. By con-
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Figure 6. Same-site geolocation accuracy. I, Tampa Bay zoom comparing RI-ResNet-RDM [2], SecTran-MIM [3], and our model;
each dashed or solid circle shows that method’s median geodesic error (zoomed maps for all sites in Supplementary Fig. S15). II, error
distributions for our model three variants; variants b and c—trained on synthetic sequences with and without target-site frames—perform
on par with variant a. Black diamonds mark site means. III, corresponding distributions for the baselines; the horizontal axis is expanded
24-fold to accommodate their larger errors. Across all six waters, our method averages 9 km, whereas SecTran-MIM and RI-ResNet-RDM
reach 427 km and 530 km on the four sites they report. Baseline outliers beyond the axis limits are omitted for clarity.

trast, the strongest published networks—RI-ResNet-RDM
and SecTran-MIM—report median errors of 427 km and
530 km, respectively, and only on four of the six sites. The
negligible gap between variants b and c suggests little ben-
efit from target-site exposure, though sites with distinctive
water or weather might still gain from it.

Solar-elevation accuracy. Fig. 7 benchmarks how well
each model estimates the solar-elevation curve that under-
pins geolocation. In the same-site setting (top panel), all
three variants remain in the single-degree regime: the me-
dian RMSE ranges from 0.3° at Champaign to 3.6° at Rio
Ceballos, with a six-site mean of 1.3°. The strongest pub-
lished baselines are less precise, averaging 3.8° for RI-
ResNet-RDM and 4.7° for SecTran-MIM. Notably, the two
models trained purely on synthetic data (variants » and c)
slightly outperform the real-data model (variant a), indicat-
ing that physics-guided synthesis provides a richer diversity
of elevation—pattern pairings than any single site.

Cross-site evaluation (bottom panel) is more demand-
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ing, yet our method degrades gracefully: RMSE peaks at
9° in turbid Tampa Bay but still averages 4.5° across the
six unseen waters. By comparison, RI-ResNet-RDM rises
to 18° on average, while SecTran-MIM exceeds 13° and
reaches ~ 24° at ultra-clear Lake Ohrid. Thus, even when
trained exclusively on other locations, our model maintains
sub-5-degree accuracy—tight enough to bound global po-
sition within a ~500 km geodesic circle—whereas existing
models can miss the solar trajectory by tens of degrees, pre-
cluding useful geolocation.

Ablation study. To isolate the contribution of each de-
sign choice, we present ablation study on the cross-site task
in Champaign test site (Fig. 8). Everything is fixed; only the
component under test is modified. Starting from a baseline
(Index 1) that ingests AoP frames with time embeddings,
adding a day-of-year token (Index 2) lowers RMSE from
6.5° to 5.2° and narrows the geodesic error distribution, in-
dicating more consistent predictions.

Replacing relative with absolute attention in Point
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Transformer blocks (Index 3) improves all metrics: RMSE
drops to 2.47° and median distance from 845 km to 567 km
(~ 33% gain), showing that absolute attention offers a more
stable global reference when point ordering matters. Intro-
ducing trajectory-dropout regularization (Index 4) further
reduces the median distance to 466 km and RMSE to 2.2°.
Qualitative improvements are shown in Supp. Fig. S17.

Doubling the sequence length (Index 5) from 64 to 128
samples slightly increases RMSE (3°) and yields marginal
geolocation gains while doubling cost; thus, we retain 64
samples in all experiments.

Removing the ViT encoder (Index 6) deprives the de-
coder of global context (i.e. summary token), producing
jagged trajectories (Supplementary Fig. S17) and higher
RMSE, and although the median geodesic error improves,
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Figure 8. Ablation study. Impact of individual components on
cross-site generalization (Champaign test site). Box-and-whisker
plots summarizing model performance with each configuration in
the ablation study.

the distribution develops outliers. Replacing the Point
Transformer with an MLP (Index 7) degrades all metrics,
raising geolocation error beyond 620 km. These confirm
that self-attention across both input sequence and point
cloud (estimated solar curve and temporal context) is criti-
cal.

5. Conclusion

We present a camera-only framework that achieves prac-
tical underwater geolocation at both local and global
scales. Trained entirely on physics-guided synthetic se-
quences—and requiring at inference only polarization time-
lapse imagery and UTC timestamp—our approach dis-
penses with auxiliary sensors (e.g., inertial units, Doppler
logs) while outperforming published baselines. With the
same-site model variants, we show comparable precision
persists when training uses only simulated sequences that
exclude frames from the target site, indicating that the
physics engine captures the elevation-driven structure and
that moderate differences in local optics are second-order.
Ablations show that day-of-year encoding, absolute atten-
tion across elevation samples, and dropout-style trajectory
masking are all critical; removing any one increases error.

Limitations and opportunities remain. Performance ta-
pers once the prior simulation region exceeds 2 x 10° km?
(Supplementary Note 11; Fig. S18), suggesting that denser
sampling and larger models will be required for still wider
domains. Very low (< 10°) and very high (> 80°) solar ele-
vations are under-represented in our library, so performance
at those extremes warrants further study. Future work
should target dense sampling of equatorial noon and polar-
winter conditions, include waters with unusual scattering
(e.g., glacial flour, phytoplankton blooms), and explore
larger transformers that ingest raw four-channel Stokes
imagery end-to-end. With these extensions—and contin-
ued reliance on inexpensive polarization cameras—global,
infrastructure-free navigation for autonomous underwater
platforms moves within reach.
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