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Visual Difference Predictor [Daly 1993]
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S. J. Daly, ‘Visible differences predictor: an algorithm for the assessment of image
fidelity’, in Digital Images and Human Vision, vol. 1666, A. B. Watson, Ed., MIT Press,
1993, pp. 179-206. doi: 10.1117/12.135952.
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T
HDR-VDP 1.0 [Mantiuk, Daly, Myszkowski, Seidel, 2005]
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What is HDR-VDP-3?

= A metric based on psychophysical models of contrast sensitivity and masking
= A metric that operates on physical radiance/luminance units

(rather than digital pixel values)
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HDR-VDP-3 In more detall
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HDR-VDP-3 In more detall
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HDR-VDP-3 In more detall
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HDR-VDP-3 In more detall
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What is ColorVideoVDP?

= A video quality metric
— Models human colour 2
and spatiotemporal e
vision
= Built on castleCSF
= Differentiable (PyTorch)
= Calibrated for

— Video streaming

— Display distortions B S e *,'

Quality

Test video Display specs. Distogram

https://github.com/gfxdisp/ColorVideoVDP 12
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ColorVideoVDP — design goals

= Rely on psychophysical models of low-level vision as much as possible
Less chance for overfitting
More robust to corner cases
Can adapt to viewing conditions
= Make it explainable
No black boxes .
= Make it simple
A feature is not needed if the impact on the predictions is small
= Make it fast
ColorVideoVDP runs fast on a GPU
= Make it full differentiable
Important for optimization and training

University of Cambridge



e
ColourVideoVDP
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ColourVideoVDP
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ColourVideoVDP
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ColourVideoVDP
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ColourVideoVDP
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ColourVideoVDP
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thresholds are shown 2x larger
Y = 2 [cd/im?]
frequency = 1 [cpd]
area = 3.14 [degz]

castleCSF
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= Chromatic modulation

= Area
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thresholds are shown 2x larger
Y =100 [cd/m?]
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Mask

Cross-channel masking
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Consistent with the literature
[Switkes et al. 1988]
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Cross-channel contrast masking - example

Reference image Test image
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Video Dataset
(XR-DAVID)
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XR Display Artifact
Video Dataset
(XR-DAVID)

= 14 scenes including
representative use-case
scenarios

©8 artifacts common in display
and optics applications

40 PPD, 300 nit display

O77 participants

Pairwise comparisons with
ASAP active sampling




Training of ColorVideoVDP

_ Feature
Video extractor
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Training regression
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Regressor Quality

End-to-end training
(ColorVideoVDP)

= 32 parameters in ColorVieoVDP
= ColorVideoVDP is fully differentiable — we can back-propagate gradients
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ColorVideoVDP predictions
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Metric performance on band-limited noise

o PSNR
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Test contrast

Test contrast

Metric performance on masking patterns
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Example: ColorVideoVDP as a differentiable loss

= Adaptive chroma subsampling
= Removes invisible information to improve image/video coding

Iteration 0: loss 3.024817705154419
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