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Introduction

Video Denoising



Introduction EElFe

Video Denoising

- Compared to image denoising, video denoising is an underexplored domain

- The state-of-the-art in video denoising is mostly defined by patch-based methods
- E.g.
« V-BM4DI[3], extension of BM3D[1]
- Video non-local Bayes (VNLB [4]), extension of non-local Bayes|2]

« There are almost no CNN approaches
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Introduction EElFe

Video Denoising versus Image Denoising

- Compared to image denoising, video denoising is an underexplored domain
 Video restauration needs to impose a strong temporal coherence in its results

- Temporal coherence is crucial in the perceived quality of video results [5, 6]
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Introduction: Temporal Coherence

How do video algorithms enforce temporal coherence?

- Two different strategies

« Motion compensation, e.g. [3, 4, 7]

- Extend search area to a search volume
Eﬁ' g0

t=T t=T+2
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Layout of presentation

« Architecture
« Results
« Running times

« Conclusions
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Architecture



Architecture of DVDnet

Our architecture incorporates these two strategies to
enforce temporal coherence
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Architecture: spatial and temporal blocks

Two different feed-forward CNN blocks

9/10/2019

Input

frame

. Conv+
RelLU + BN

Pl

Y

Noise [ (12X)

map

Input

Spatial denoising

frames

Noise | > (6X)

map

» Conv+ v
RelLU + BN D

[

\

Output
frame

Temporal denoising

Y

Output
central
frame




Results



Results: versus patch-based methods

DVDnet outperforms other methods for strong noise

DVDnet VNLB V-BM4D

oc=10 3813 38.85 37.58
oc=20 3570 35.68 33.88
oc=30 34.08 33.73 31.65
oc=40 32.86 32.32 30.05
oc=50 31.85 31.13 28.80

Table: PSNRs on DAVIS testset[8].
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Results: versus other CNN methods

Two very recent CNN approaches: VNLnet[9] and

FastDVDnet[10]
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V-BM4D VNLE VNLnet FastDVDnet DVDnet
a =10 37.58 38.85 35.83 38.97 38.13
a =20 33.88 35.68 34.49 35.86 35.70
a = 30 31.65 33.73 - 34.06 34.08
a =40 30.05 32.32 32.32 32.80 32.86
a = 50 28.80 31.13 31.43 31.83 31.85

Table: PSNRs on the DAVIS testset. Best results are shown in blue, second best in red.
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Results: versus V-BM4D R




Results: versus VNLB R




Running Times



Running Times S

- DVDnet is much faster than other patch-based approaches
« Runtimes are comparable to other CNN-based methods
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Conclusions



Introduction EElFe

DVDnet improves the state-of-the-art in video
denoising

« It's the best-performing algorithm for medium and strong noise on all tested data

- Performance
- Remarkable temporal coherence
« Strong preservation of detail
« Runtimes
« Much faster than patch-based methods
« Comparable to other CNN-based approaches

« No hand-tuned parameters involved
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Thank you! Questions?

For more examples and code visit


https://github.com/m-tassano/dvdnet
https://github.com/m-tassano/fastdvdnet







Results: DAVIS and Set8 SEE

Table: PSNRs on the DAVIS and Set8 testsets. Best results are shown in blue, second

best in red.

DAVIS VNLB V-BM4D VNLnet DVDnet FastDVDnet
o =10 38.85 37.58 35.83 38.13 38.97
o =20 35.68 33.88 34 .49 35.70 35.86
o =30 33.73 31.65 - 34.08 34.06
o =40 32.32 30.05 32.32 32.86 32.80
o =50 31.13 28.80 31.43 31.85 31.83
Set8 VNLB V-BM4D VNLnet DVDnet FastDVDnet
o =10 37.26 36.05 37.10 36.08 36.43
o =20 33.72 32.19 33.88 33.49 33.37
o =30 31.74 30.00 - 31.79 31.60
o =40 30.39 28.48 30.55 30.55 30.37
o =50 20.24 27.33 29.47 29.56 29.42

DERF dataset


https://media.xiph.org/video/derf/

