Colorization with Deep Convolutional Networks
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Ansel Adams, Yosemite Valley Bridge







Grayscale image: L channel Color information: ab channels
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Zhang, Isola, Efros. Colorful Image Colorization. In ECCV, 2016.




Semantics? Higher-level

Grayscale image: L ck abstraction? ncatenate (L,ab)
X € RHXW‘;\L (X,Y)
M
L — S Lﬂ—» ab | ——| supervisory
signal

Zhang, Isola, Efros. Colorful Image Colorization. In ECCV, 2016.




Training a Deep Network

Training data




Colors in ab space
(continuous)

Loss Function

0" = arg m@in V(Fo(X),Y)
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Colors in ab space
(continuous)

Loss Function

0" = arg m@in V(Fo(X),Y)

e Regression with L2 loss inadequate



Better Loss Function

0" = arg mgin V(Fo(X),Y)

e Regression with L2 loss inadequate

* Use multinomial classification

Colors in ab space
(discrete)
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Better Loss Function

0" = arg mgin V(Fo(X),Y)

e Regression with L2 loss inadequate
LE(Y Y Z“Yhu i}h,w”%

h KT

* Use multinomial classification

log,, probability
Histogram over ab space \
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Better Loss Function log,, probability

0* — arg min g(].*e (X)’ Y) Histogram over ab space
0 53y B EFT RIS T W S
e Regression with L2 loss inadequate | , _
LQ(Y Y) Z“Yh . ?h,wl\% e :
hw : ; : :
* Use multinomial classification Ui |
nly
* Class rebalancing to encourage Calir R e
learning of rare colors 110 55 0 55 110



Grounplufruth L2 Regression Class w/ Rebalancing
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Prior Work

Hand-engineered Features Deep Networks
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L2 Regression

Deshpande et al. Chenget al. In ICCV 2015. Dahl. Jan 2016. lizuka et al. In SIGGRAPH, 2016.

Classification

Charpiat et al. In ECCV 2008. Larsson et al. In ECCV 2016.



Perceptual Realism / Amazon Mechanical Turk Test
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Fake, 0% fooled
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Fake, 55% fooled
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Fake, 58% fooled



from Reddit /u/SrySantucci



Recolorized by Reddit ColorizeBot



Photo taken by
Reddit /u/Timteroo,
Mural from street
artist Eduardo Kobra



Recolorized by
Reddit
ColorizeBot



Perceptual Realism Test
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Does the method
work on legacy black
and white photos?






'Sightings' of extinct Tasmanian tiger
prompt search in Queensland
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Failure Cases




Failure Cases



Informative Mistakes
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Informative Mistakes



Cross-Channel Encoder

convl conv2 conv3d conv4d conv5 convé conv’/
lightness a trous [1]/dilated [2]

192

256
4 384 384 256 4096 4096
| f f i I
17 17 17 17
33
256 Hidden Unit Activations
X Zhou et al. In ICLR, 2015.

conv8

abcolor

[1] Chen et al. In arXiv, 2016.
[2] Yu and Koltun. In ICLR, 2016



Hidden Unit (conv5) Activations

sky

trees

water



Hidden Unit (conv5) Activations

faces

dog
faces

flowers



Pre-training on Colorization

convl conv2 conv3d conv4 convb convé conv’/
(dilated/a trous)

96

384 384 256 4096 4096

17 17 17 17

conv8
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Pre-Trained Model (Fully Convolutional)

convl conv2 conv3d conv4 convb convé conv/
lightness (dilated/a trous)
4096 4096
i f
17 17

256
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Pre-Trained Model

convl conv2 conv3 convd convb

lightness

convé

conv?/

f I
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Pre-Trained Model

convl conv2 conv3 convd convb

lightness

a I & ra’
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How does solving the pre-text

Pre-Trained Model | task organize the feature space?

convl conv2 convd conv4d convbs 55

lightness

50 Split-Brain Autoencoder
Zhang, Isola, Efros. CVPR 2017.
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Migrant Mother
Dorothea Lange, 1936.

Library of Congress, Prints & Photographs
Division, FSA/OWI Collection, reproduction
number: LC-USF34-9058-C



Automatic Results with Deep Networks

Grayscale Input Zhang, Isola, Efros. Larsson et al. lizuka et al.
ECCV 2016. ECCV 2016. SIGGRAPH 2016.

Migrant Mother. Dorothea Lange, 1936.

Library of Congress, Prints & Photographs Division, FSA/OWI Collection, reproduction number: LC-USF34-9058-C




Dorothea Lange
Migrant Mother, 1936.

Library of Congress, Prints & Photographs
Division, FSA/OWI Collection, reproduction
number: LC-USF34-9058-C



Dorothea Lange
Migrant Mother, 1936.

Library of Congress, Prints & Photographs
Division, FSA/OWI Collection, reproduction
number: LC-USF34-9058-C



Dorothea Lange
Migrant Mother, 1936.

Library of Congress, Prints & Photographs
Division, FSA/OWI Collection, reproduction
number: LC-USF34-9058-C



Global-Based

User-Guided Approaches

Hertzmann et al. SIGGRAPH 2001.
Welsh et al. TOG 2002.
Irony et al. Eurographics 2005.
Liu et al. TOG 2008.

Wang et al. TOG 2010.

Chia et al. TOG 2011.
Gupta et al. MM 2012.

Li et al. CVM 2015.

Chang et al. TOG 2015.

Stroke-Based

Levin et al. SIGGRAPH 2004.
Huang et al. MM 2005.
Qu et al. TOG 2006.
Luan et al. Eurographics 2007.
An and Pellacini. SIGGRAPH 2008.
Li et al. CVM 2008.
Xu et al. TOG 20069.
Chen et al. TOG 2012.
Xu et al. TOG 2013.
Barron and Poole. ECCV 2016.
Grayscale image + user strokes Colorization Endo et al. Eurographics 2016.




User-Guided Colorization

Grayscale image + user strokes Output Colorization
Known pixel colors: provided by Unknown pixel colors: linear combination
user input of neighboring pixel colors, weighted by

low-level similarity

+ Propagates user edits + Robust
Levin et al. SIGGRAPH 2004




User-Guided Colorization

-

~80 input strokes/points

— many user strokes often needed

Desired: Learn natural image priors and
edit propagation from large-scale data

Levin et al. SIGGRAPH 2004




System Demo

| Input point propagated |

~ ~

Grayscale image

. Initial colorization
+ User point




System Demo

Undesired artifact

Undesired artifact removed \4
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System Demo

suggested colors



System Demo

color palette
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Grayscale image X € R/ >Wx1 Predicted Color Y ¢ R XW x2
User points U ¢ RHEXWX3




Automatic

User-guided

Randomly
Simulated User
Interactions

Training the System

arg m}n ((F(X),Y)

arg min /(F (X,[U),Y)

F

“Hint

{
F
arg min /(F (X, RandR { ; }
{

Training data
Yy

o

)

— User data not easily obtainabre




Randomly Simulated User Points

arg m}i_n ((F (X, RandReveal(Y)),Y)

Example Simulated User Points Number of revealed points ~ G(p %)

o No points (automatic colorization)

+— Few points

0.04 - [hhf. /Many points

Network learns how to integrate “hints”
in a learnable end-to-end framework EIE T

76



Network Architecture

@) < — h/2,w/2 ‘..:;;![::‘.

Output Y

v h/4,w/4
|| 1
Grayscale X i ............I!I

User U 4 64 128 512 512 512 512 128 128 2

convlconv2 convd conv4 convs convée conv’/ conv8 conv9 conv10

ImageNet database (1.3M train/10k val/10k test)
Finetune from Zhang et al. 2016

Ronneberger et al. MICCAI, 2015.
Isola et al. CVPR, 2017.



Colorizing Legacy Photos

Amateur family photograph, 194



Amateur family photograph, 1949.



Amateur family photograph, 1949.



Amateur family photograph, 1949.



Photograph of Albert Einstein
by Arthur Sasse, 1951.



‘Photograph of Albert Einstein
by Arthur Sasse, 1951.




























Evaluating the benefit of user hints

Accuracy —mmmp
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- 1000 holdout images
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Number of points

Amount of interaction
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Evaluating the benefit of user hints

-@— Gray

32 -

PSNR (dB)

Gray

500
Number of points



Evaluating the benefit of user hints

Ours =@ Gray
32 -

30 A

PSNR (dB)

Ours (without user)

Gray

0 500
Number of points



Evaluating the benefit of user hints

Ours =@ Gray
32 -

30 A

PSNR (dB)

Ours (without user)
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0 /7 1 5 10 50 100 500
Number of points



Evaluating the benefit of user hints

Ours -&—- Gray

32 1 Levin et al.

30 A

Levin et al.

PSNR (dB)

Ours (without user)

Gray

0 /7 1 5 10 50 100 500
Number of points



Evaluating the benefit of user hints

Ours —@— Gray
32 1 Levin et al. Ours ~o
500 point
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Evaluating the benefit of user hints

PSNR (dB)

Ours (without user)

Gray

32 -

30 A

28 -

Ours -&—- Gray
Levin et al. Barron & Poole Ours
Endo et al. .

N

N

Levin et al.

Barron & Poole

N

Endo et al.

How to guide user to
providing plausible colors?

500




Data-Driven Recommendations

Migrant Mother
Dorothea Lange, 1936.




User point

Suggested colors




Data-Driven Recommendations

User point location

Grayscale image X & RHXW X1

User points

U c RHXH/'XS

Output colorization
? c RHXWXZ

Suggested colors
More R Less
likely likely
HEEEEEEEEE

K-means
Clustering

Per-pixel distribution
Z c RHXWXQ



Example User Result

Grayscale image Automatic result

From novice user with < 1 minute of use



Example User Result

Grayscale + User Interactive result Levin et al.

From novice user with < 1 minute of use



Unusual colorizations



Mark Ruffalo © wikipedia



Colorization with Hints
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Grayscale image

Resulting colorizations given global histograms
See also Deep Photo Style Transfer [Luan et al. CVPR 17]



Grayscale image

Resulting colorizations given global histograms

See also Deep Photo Style Transfer [Luan et al. CVPR 17]



Failure Cases



Failure Case: Non-local effects

Unintended non-local l
) .
° propagation

Grayscale

Automatic result Interactive Result

From novice user with < 1 minute of use



Failure Case: Incomplete Propagation

o o
o o
™ User intention
not fully propagated
Grayscale Automatic result Interactive result

From novice user with < 1 minute of use



Failure Case: incompatible color style
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Deep Learning for User Interaction

Deep Interactive Object Selection

Proposed
Xu et al. CVPR 2016.
oy Tn
e—
| Gammr

Image + pos/neg Figure/ground
seeds segmentation

Grayscale image +

) Colorized Image
user hints &

Pix2pix, Scribbler
Isola et al., Sangkloy et al. CVPR 2017.

Sketch Image

Code: https://github.com/junyanz/interactive-deep-colorization

Website: http://richzhang.github.io/ideepcolor




More Information

e R. Zhang, P. Isola, A. A. Efros. Colorful Image Colorization. In ECCV, 2016.

e Website: https://richzhang.github.io/colorization
e Demo: https://demos.algorithmia.com/colorize-photos/
e Code: https://www.github.com/richzhang/colorization

* R. Zhang, P. Isola, A. A. Efros. Split-Brain Autoencoders: Cross-Channel
Prediction by Cross-Channel Prediction. In CVPR, 2017.

e R. Zhang*, J. Zhu*, P. Isola, X. Geng, A. S. Lin, T. Yu, A. A. Efros.
Real-Time User-Guided Image Colorization with Learned Deep Priors.
In SIGGRAPH, 2017.

e Website: https://richzhang.github.io/ideepcolor
* Code: https://github.com/junyanz/interactive-deep-colorization
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Lukas Graham — 7 Years

For the full paper, code, and live demo:

Automatic: richzhang.github.io/colorization
Interactive: richzhang.github.io/ideepcolor




	Colorization with Deep Convolutional Networks
	Ansel Adams, Yosemite Valley Bridge
	幻灯片编号 3
	幻灯片编号 4
	幻灯片编号 5
	Training a Deep Network
		Loss Function
		Loss Function
		Better Loss Function
	幻灯片编号 10
		Better Loss Function
		Better Loss Function
	幻灯片编号 13
	    Prior Work
	Perceptual Realism / Amazon Mechanical Turk Test
	幻灯片编号 16
	幻灯片编号 17
	幻灯片编号 18
	幻灯片编号 19
	幻灯片编号 20
	幻灯片编号 21
	幻灯片编号 22
	幻灯片编号 23
	幻灯片编号 24
	幻灯片编号 25
	幻灯片编号 26
	幻灯片编号 27
	幻灯片编号 28
	Perceptual Realism Test
	幻灯片编号 30
	Thylacine, Dr. David Fleay, extinct in 1936.
	Thylacine, Dr. David Fleay, extinct in 1936.
	Amateur Family Photo, 1956.
	Amateur Family Photo, 1956.
	幻灯片编号 35
	幻灯片编号 36
	Failure Cases
	Failure Cases
	Informative Mistakes
	Informative Mistakes
	Cross-Channel Encoder
	Hidden Unit (conv5) Activations
	Hidden Unit (conv5) Activations
	Pre-training on Colorization
	Pre-Trained Model (Fully Convolutional)
	Pre-Trained Model
	Pre-Trained Model
	Pre-Trained Model
	幻灯片编号 62
	幻灯片编号 63
	幻灯片编号 64
	幻灯片编号 65
	幻灯片编号 66
	幻灯片编号 67
	幻灯片编号 68
	幻灯片编号 69
	幻灯片编号 70
	幻灯片编号 71
	幻灯片编号 72
	幻灯片编号 73
	Automatic Colorization
	Training the System
	Randomly Simulated User Points
	幻灯片编号 77
	幻灯片编号 78
	幻灯片编号 79
	幻灯片编号 80
	幻灯片编号 81
	幻灯片编号 82
	幻灯片编号 83
	幻灯片编号 84
	幻灯片编号 85
	幻灯片编号 86
	幻灯片编号 87
	幻灯片编号 88
	幻灯片编号 89
	幻灯片编号 90
	幻灯片编号 91
	幻灯片编号 92
	幻灯片编号 93
	幻灯片编号 94
	幻灯片编号 95
	幻灯片编号 96
	幻灯片编号 97
	幻灯片编号 98
	Data-Driven Recommendations
	幻灯片编号 100
	Data-Driven Recommendations
	幻灯片编号 103
	幻灯片编号 104
	幻灯片编号 105
	幻灯片编号 106
	Colorization with Hints
	幻灯片编号 108
	幻灯片编号 109
	幻灯片编号 110
	幻灯片编号 111
	幻灯片编号 112
	幻灯片编号 113
	幻灯片编号 114
	More Information
	幻灯片编号 116

