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Bristol Vision Institute

Formed in 2008.

Hosting some 160 researchers.

An intellectual landscape and practical
facilities for vision research.

Facilitates engineers and scientists
working together with experts in
medicine and creative arts.

One of the largest inter-disciplinary
groups in Europe.

Successful - attracting research
income, stimulating new relationships
and creating commercial impact.
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MyWorld
A £30m investment under the UKRI Strength
in Places Fund. Exploiting the production,
technology and research strengths of the West
of England’s creative sector.

25 new major international partnerships.

Additional funding leveraged ∼£29M.

368 businesses supported to date.

298 jobs created.

112,000 members of public engaged.

2036 individual learners.

22 awards, prizes and prestigious lectures.

129 academic outputs.
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The Challenges of Video Compression

Huge amounts of video content consumed via steaming and social media: e.g. NETFLIX and TikTok.

Significantly increased demand for more immersive services, e.g. UHD/HFR/HDR, XR and 360°.

Consistent growth in the number of the global Internet users - 5.3bn in 2023.

Source of figures: Cisco Annual Internet Report 2018-2023.
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Example: Real-time Volumetric Video Delivery

[VIDEO] Live volumetric video delivery into the metaverse (https://condense.live).

https://fan-aaron-zhang.github.io/videos/condense_demo.mp4
https://condense.live
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A Video Compression Framework
Motion model: motion estimation/compensation, advanced motion models, optical flows.

Representation: transforms, feature extraction.

Quantisation and entropy coding: data compression for residual, latent or models.

Enhancement: pre- and post-processing, super resolution.

Quality assessment: for rate-distortion optimisation (encoder) or QoE prediction.
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Video Coding Standards
VVC VTM achieves an average 29% bit rate saving against AOM AV1.

The latest MPEG JVET test model ECM outperforms VTM by more than 25% in BD-rate saving.

The new AOM codec AVM offers a 20%+ coding gain over AV1 libaom.

[Nguyen and Marpe, 2021] “Compression ef�ciency analysis of AV1, VVC, and HEVC for random access applications”, APSIPA Transactions on Signal
and Information Processing.

[Seregin et al., 2024] “JVET AHG report: ECM software development (AHG6)”, JVET-AI0006.
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Textures and Video Coding

Three cues in
a grey background

With Gaussian noise
(� = 0, � = 0.001 )

With Gaussian noise
(� = 0, � = 0.0.01 )

With Gaussian noise
(� = 0, � = 0.03 )

Quantisation Parameter (QP) 22 27 32 37 42

Static textures (bpp) 0.0278 0.0111 0.0051 0.0025 0.0012
Mixed textures (bpp) 0.2301 0.0684 0.0287 0.0133 0.0066
Dynamic textures (bpp) 0.3463 0.1904 0.0969 0.0473 0.0235

HEVC HM 16.4; Main Pro�le; Random access mode; BVI-Texture; 300 frames encoded.
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Correlation between MSE/PSNR and Subjective Scores

(a) All data:VQEG (b) Textured content (c) Dynamic content (d) Structural content (e) Luminance plain videos

(f) All data: LIVE (g) Textured content (h) Dynamic content (i) Structural content (j) Luminance plain videos
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Textures and Video Coding - Static Textures

[VIDEO] Left : original texture. Right : warped texture. Middle : Absolute difference between left and right.
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Textures and Video Coding - Dynamic Textures

[VIDEO] Left : original texture. Right : synthesised texture. Middle : Absolute difference.
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An Analysis-Synthesis Video Compression Framework

[Zhang and Bull, 2011] “A parametric framework for video compression using region-based texture models”, IEEE Journal of Selected Topics in Signal
Processing.
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Compression Results based on HEVC

[VIDEO] Left : HEVC; Right : HEVC+Synthesis; Middle : Synthesis maps and RD stats.
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Deep Video Compression: Overview

Background
Deep neural networks now offer tractable solutions to many image processing problems.

They are being increasingly applied in image/video compression , demonstrating signi�cant coding gains.

But often at the expense of increased complexity or latency.

AI-based video compression
Training databases .

Deep video coding tools for standard codec enhancement:
e.g., post processing, in-loop �ltering and resolution adaptation.

End-to-end learned video codecs : e.g., DVC, DCVC codecs.

Perceptual quality assessment.
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Deep Video Compression: Training Databases

Motivation
DVC demands volumes of training materiel much greater than other machine learning methods.

They must include diverse content covering different formats and video texture types.

Most learning-based coding methods are currently trained on databases designed for image/video processing or
computer vision applications.

These training databases cannot ensure network generalisation or optimum performance for DVC.

Popular training databases for DVC
DIV2K [Agustsson et al., 2019]: contains 1000 RGB images and was developed for super-resolution.

CD [Liu et al., 2017]: collects 29 video sequences from LIVE VQA, MCL-V and TUM 1080p.

REDS [Nah et al., 2019a]: contains 300 video clips, and was developed for super-resolution.

Video Set [Wang et al., 2017]: includes 880 source videos, and was developed for quality assessment.

HIF [Li et al., 2019]: contains 182 video sequences, and was developed for deep video coding.
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