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Shot Noise Limits Precision in Phase-Preserving Self-Supervised Denoising Setup
IndireCt Tlme-Of-thht Sensing Denoising 100 MP captures from flat targets at 1.0 - 5.0 m.

Training uses random 96x96 patch pairs from
Independent noisy observations.
Network: Residual U-Net, 4 input / 4 output

channels
Training pairs are formed by randomly sampling two Reconstruction: FFT — phase — depth

iIndependent 4-tap captures of the same static scene. conversion. [
Add a phasor-consistency loss on derived |/Q Evaluation: amplitude gating + plane-fit RMS in

components. ROL.
=1, —Is, Loss: image MSE + phasor-consistency loss

ITOF estimates depth from the phase of modulated light. Train a 4-channel residual U-Net to denoise raw 4-tap
Measurements are corrupted by photon shot noise. iToF measurements.

Classical depth denoising approaches often require
clean or near-ground-truth supervision [1], [2].
Noise2Noise (N2N) shows that neural networks can
learn denoising from noisy-noisy training pairs [3], [4].
Key Question: Can self-supervised denoising of raw

ITOF taps improve phase and depth precision without _ Q=1p— 1_2» _
clean targets? This preserves phase information for downstream

depth reconstruction.
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Class Insight BT FFT demodulation Phase extraction Depth map 0.0524  0.0305 412 207.7 669 67.9

Number of Pixels

Temporal Averaging Reduce noise via temporal Reduces temporal resolution 1.5 0.0626  0.0286  54.0 244.2 89.5 64.0
integration 2.0 0.0678  0.0278  59.5 2542  96.2 62.2

Supervised Denoising Learn noisy - clean Clean data often unavailable — 5 s 0.0823 0.0360 s g 66,5 1580 20.3
ma pplng Distance (meters)

Self-Supervised (Noisy-Pair)  Train using noisy Need independent captures Tral n I n g O bj ecltlve

observations only

3.5 0.1344 0.0419 68.2 325.2 185.2 42.8

5.0 0.0000*  0.0507 23.8* 277.9 209.9 18.1

L = Aimg MSE (X,y) + Aphasor [MSE (i, Iy) + MSE(Q, Qy)] Flat plates at various distances, ROI at the centers

*At 5 m, very low SNR causes unstable raw amplitude gating, so improvements should be interpreted cautiously
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Discussion

Current method still requires independent noisy captures and is evaluated on
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