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B(x,y) clean planar image

(s_x, s_y)(x,y,t) 2-D surface slope map

d(x,y,t) 3-D water-surface height field

Warped RGB Frames
I_t​(x)=B(x+W_t (x))
I_t​(y)=B(x+W_t (y))

Input: video of a static planar scene viewed 
through turbulent water

INTRODUCTION

Recover: three jointly-constrained physical 
quantities from that single video

We present an unsupervised, physics-informed framework for recovering
planar scenes from videos captured through turbulent water refraction, without
clean ground-truth supervision. Our method couples a differentiable optical
forward model, built from wave dynamics and Snell-law ray tracing, with
learned spatiotemporal inference. We further introduce interpretable slope-
estimation modules, including trajectory-statistics models and compact 3D
CNNs, to identify low-distortion regions and guide cross-frame pixel stitching. 

Wave Simulator

Simulator: From wave height to warped image

METHOD
Learning Slopes to Unwarp Turbulence 
Why Slopes? Local surface slope is the information-preserving
intermediate for undoing refractive distortion.
Zero-slope means zero warp: W≈−d_eff(1−η) s ⟹ s=0 ⇒ W = 0
A pixel observed while the surface is flat above it suffers no refractive
displacement it is the cleanest possible observation of B(x, y).
Vector nature matters: Scalar tilt θ=arctan⁡(||s||). Two pixels with
the same θ can warp in opposite directions. A slope map without
direction cannot tell apart a crest (warp up), a trough (warp down), or
a saddle so scalar regression alone cannot support restoration.

Image credit: Dynamic Fluid Surface Reconstruction Using Deep 
Neural Network Simron Thapa, Nianyi Li, Jinwei Ye.

Slope Regressor with Local Context

Global Optimizer
Motivation: The CNN predicts slope per pixel; B and the surface are global. At test time we optimize the slope
field so pixels that should agree actually do.
Forward splat. Splat every pixel p at time t to its predicted clean coordinate q=p+ W_t(p), accumulating
buffer[q]={RGBi} across all frames.

RESULTS

Problem Statement
Given a video of a static underwater texture viewed through a moving water
surface, recover a cleaner image of the bottom. The distortion is caused by
time-varying refraction at the air-water interface: each frame warps the clean
image differently, and the least-distorted frame changes from pixel to pixel.
For each pixel, which video frame is closest to the undistorted
view, and how can a learned model infer that choice from local
refractive evidence?

The simulator shows that refractive distortion is a local problem: a pixel's appearance is determined mainly by
the slope and warp in a small neighborhood around that pixel, not by the entire image at once. It also shows
that the useful temporal information is short-range: nearby frames remain correlated, but that correlation
decays quickly as the wave phase moves on. 
For that reason, the model is built around an ordered local cuboid rather than a single frame or a full-video
input. We use a 31 *31 spatial window to cover almost all local refractive displacements, and a 9-frame
temporal window to capture the short-time wave dynamics around the center frame. This gives the network the
local context it needs without asking it to solve an unnecessary global problem inside the regressor itself.

At inference time, the trained model is run densely over all valid pixels and all candidate frames. For each pixel-
frame pair it predicts a scalar flatness score together with auxiliary geometry. The learned reconstruction is then
formed by:

scoring each candidate frame locally,
selecting or softly weighting the flattest frames per pixel,
stitching those local choices into one reconstructed image.

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.

Training Objective

Dense Inference and Reconstruction

Input Video:

Model Output:


