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planar scenes from videos captured through turbulent water refraction, without
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intermediate for undoing refractive distortion.

forward model, built from wave dynamics and Snell-law ray tracing, with Lank listwise KL over X =8 times trains the selector directly
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estimation modules, inc]uding trajectory-statistics models and compact 3D A pixel observed while the surface is flat above it suffers no refractive I:Iﬂﬂr-': Smoothl1 m vs |S| calibrates scalar output
CNNs, to identify low-distortion regions and guide cross-frame pixel stitching. displacement it is the cleanest possible observation of B(x, y). E | ' Lalope SmoothL1 § vs s direction supervision
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Given a video of a static underwater texture viewed through d IMOVINg water direction cannot tell apart q crest (Warp up)’ a trough (Warp down)’ or J Neuratheytwork Simron Ti{;lpa, Niannyi, (t]linwei Yeg. P £l - |SI}}_1}'H S|, 5[]11},-5: W/(d,(]_ T})) ties W to 5|UPE fﬁfﬂ“gh
surface, recover a cleaner image of the bottom. The distortion is caused by a saddle so scalar regression alone cannot support restoration. SIOPEPRYS - el
time-varying refraction at the air-water interface: each frame warps the clean . r e . . .
: : : . . ons S—Sphys| Snell coherence / integrability prior
image differently, and the least-distorted frame changes from pixel to pixel. Slope Regressor with Local Context - | phys| J P
For each pixel, which video frame is closest to the undistorted The simulator shows. that refractl.ve distortion is a local prol.)lem: a pixel's appe.ara.nce is determined mainly by Dense Inference and Reconstruction
view, and how can a learned model infer that choice from local the slope and warp in a small neighborhood around that pixel, not by the entire image at once. It also shows . . . . o . ,
. . : Co , : : At inference time, the trained model is run densely over all valid pixels and all candidate frames. For each pixel-
refractive evidence? that the useful temporal information is short-range: nearby frames remain correlated, but that correlation o . : . ..
d v as th b frame pair it predicts a scalar flatness score together with auxiliary geometry. The learned reconstruction is then
ecays quickly as the wave p ase. moves on. . | | formed by:
" """. H) 'II':I For that reason, the model is l?ullt eTround an ordered local cuboid ratheI: than. a single frame or a full-video . scoring each candidate frame locally,

Tfi—. '.l;::l input. We use a 31 *31 spatial window to cover almost all local refractive displacements, and a 9-frame . selecting or softly weighting the flattest frames per pixel,

= - '_:I_ e, temporal window to capture the short-time wave dynamics around the center frame. This gives the network the . stitching those local choices into one reconstructed image.

A . local context it needs without asking it to solve an unnecessary global problem inside the regressor itself.

This keeps the deployed learned system simple: the output image is still formed by frame selection, but the
selection scores now come from a representation that is regularized by explicit refraction physics.
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I. Depth field d = h + dj (bias keeps d > 0). 4. Snell's law (exact vector form on n, ) = N /Nyater)  Three heads, each with a reason:
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