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. 2 Introduction | Scalability and Accessibility in Wavelet-based Video Coding
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Introduction Decomposition of frames to sparser components
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Introduction ‘ Image Sets with Illumination Variation

Application: Low frame rate
surveillance video.
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Background

‘ Modelling illumination variations by a scale and offset

+* lllumination compensation is considered in
H.264 and HEVC standards in the form of
weighted prediction to improve coding
efficiency.

+* lllumination change is usually modelled by a
scale and an offset and is assumed to be
constant within a block which can produce
block boundary artefacts!



Contributions

o Incorporating the illumination compensation into wavelet-based
temporal transformations.

————————————————————————————————————————————————————————————————————————————————————

e Estimation of the illumination field; developing a framework to
decompose a sequence of frames into illumination variation fields and
texture such that is efficient for compression.

e Applying a highly scalable, embedded compression framework with R-D
optimal termination points for frames and illumination information.
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Contributions

Problems we need to handle:

o Incorporating the illumination information to wavelet-based temporal
transformations.

e Estimation of the illumination field; developing a framework to i
decompose a sequence of frames into illumination variation fields and i
texture such that is efficient for compression. i

————————————————————————————————————————————————————————————————————————————————————

e Applying a highly scalable, embedded compression framework with R-D
optimal termination points for frames and illumination information.



Previous Method Mesh-based lllumination Modelling
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Drawbacks of using a fixed size mesh and proposed solutions

1. The illumination representation is limited to the same grid size over the whole frame.
2. The optimal mesh size is discovered by noting the corresponding R-D performance.

3. Coding efficiency is achieved using a coarse mesh or high regularization parameter.
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Mesh size=8

Mesh size=4
In next step:

1. Illumination is estimated based upon the total rate-distortion cost of LIAT subband

frames.

2. Smoothness of illumination field is discovered automatically such that rate-distortion is

minimized.
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Proposed Method R-D Optimized Illumination Estimation

» LIAT subband frames are all a function of @ and subject to coding

Low-pass frame High-pass frame lllumination
(1)) (h{a)) field (a)

Problem: Find a such that total coding cost is minimized

argmin J = J, + Jh,(a) -+ JZ(Q)
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¢ How to model coding cost (J)?



Proposed Method | R-D Optimised Illumination Estimation in LIAT Framework

» We model the R-D cost ( ] ) using the high rate model:
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- Y5 n transformed coefficient of the LIAT subband s at position n.
- gsn Product of the spatial and temporal synthesis gain.

» Cost function J(ysy) at R-D optimal operation point is:
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Quadratic-log
£,norm as upper bound
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Optimization Problem

argmin J = Jo + Jpa) + Ji(a)

4 )

argmin C(a) = |mayall1 + [[mryn) |t + [|[muyie) [
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v We solve the optimization problem using ADMM (alternating direction
method of multipliers)

*¢ We can interpret our compression inspired convex formulation as a way to
effectively distribute the information in a sequence between multiplicative
illumination terms and non-multiplicative residual terms.

14



Contributions

Problems we need to handle:

o Incorporate the illumination information to wavelet-based temporal
transformations.

9 Estimation of the illumination field; developing a framework to
decompose a sequence of frames into illumination variation fields and
texture such that is efficient for compression.

i e Applying a highly scalable, embedded compression framework with R-D
i optimal termination points for frames and illumination information.



Proposed Method | Rate-Distortion Optimization for Highly Scalable Compression

v The rate-allocation problem is to find the optimal truncation points in Embedded
Block Coding with Optimized Truncation (EBCOT) so as to minimize overall
distortion s.t. an overall bit-rate constraint:

min ](/1]-) = D(ﬂj) + A Xs Rs(ﬂj)

Aj=Lagrangian multiplier associated with the quality layer j.

v’ Using a linearized distortion model, we achieve a R-D optimal bit allocation through
some gain factors which reflect how the error in each LIAT subband spreads in the
final reconstructed frames.
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Highly scalable
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Results R-D optimized vs Mesh based illumination estimation
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Results ‘ R-D optimized vs Mesh based illumination estimation
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Results ‘ Results for two temporal levels of LIAT
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Results Results for two temporal levels of LIAT
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Thanks for your attention!

Questions?

Contact: maryam.haghighat@unsw.edu.au
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