Decomposition in Image Restoration:
Bad Weather, Nighttime, and Shadows

Robby T. Tan




Problem: Rain Streaks




Problem: Rain Veiling Effect




Problem: Fog/Haze




Problem: Night Glare/Floodlight




Problem: Night Glow
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Many of image restoration problems can be posed as image
decomposition problem




Decomposition Network: Night Glow (ECCV’20

Grayscale High Frequency Layers Hi 1? ;‘ay BCale M(&d:le K Processed High .
12 LEQUEDLY LN ELWOL Frequency Maps Weights Map
_ = R
3l |= ol |3
[T = = =}
£ L HEHE
el |2 S| |8
L o o
=
=
(=]
=
>
= ¥
&
-
B
S T‘f = = T‘=:
180 | L.. L. | S|
M U A
() (&)
v &8 — = ~ _— | e 513 =
= Grayscale Module TOCCSSEC Oy e (@)
i 3
Grayscale Low Frequency Layers Low Frequency Network Frequency Maps § =v°=, Goaysedles Outbut
@’ @’
Color Module . § §
High Frequency Network Processed High NS 2 .
Grayscale Image Frequency Maps J J Weights Map
555 ke =
ZLEL o e R
HiE 2l |2 |
5 o = o
=
=
(=]
=
—
=
(=
= 3 3
3| |s z| =
FHEH -1 M - HEHE J
El |2 2 | B
o = —
G . J
Input: Nighttime Fog Image Color Module Processed Low

Low Frequency Network Frequency Maps









Input Image GroundTruth Our Result



Published in ECCV'20




Ancuti et al. Cycle GAN




Zhang et al. [12] Ancuti et al. [2] Cycle GAN [4]




Decomposition Network: Night Glare (CVPR’21)
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Results:
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ZeroDCE [35]] EnlightenGAN [45]] SingleHDR [69]




Results:




Results:

LIME [6]

EnlightenGAN [7]
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Zero-DCE [10] EnlightenGAN [13] SingleHDR [19]




Decomposition Network: Rain Streaks
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Decomposition Network: Rain Veiling Effect

Rainstreak-Free Frame IA', Derained Frame jx Depth Map (i,‘
1) / = 52
3 S Pose Net
3 i /” Share Weights \
(Share ot L \ > PoseNet(.) m . bl
Accumulation ! ) ‘ Depth Net |
Network 1 2 i 1 Photo-
> DepthNet(.) Temporal
_AccumNet(.) " . ) 3| Consistency
~ Discriminator B ok nbati Loss
; S
"Loo 6
Rainstreak-Free Frame 7J, Derained Frame J; Transmission Map o —
£
b\ 5 Depth-
? 5 Temporarl
Consistency
54 " Accumulation | ‘ Depth Net _
Network >
> 5 Nei(.) % ‘ DepthNet(.)
ccumiNet(.) | )
. P L 2
Depth-

Transmission
Consistency
Loss

Published in CVPR'21



/
R
Eh
o

ﬂr)}‘ /,
r.,%uv.ﬂ!

g N // NS g
r// AN . N

D LN W////VVA! L NN\

um. )
. S

p

& r.\“ , . ' /

fo @

VN LY

¥ - 3 .
f/;/
T
¢ \
S~ S

‘,\ SN
NN RN

TR g
| //Aﬂ// A
S 00\ VN WA ! 3

*N

- e w NS

\) //ﬂ//
| /V //// = N

)

[

...ﬂ..




Results

FastDeRain




Results

HRRestorer

Syn2Real FastDeRain+MSBDN MSPFN+MSBDN SLDNet+MSBDN




Decomposition in Shadow Removal
(ICCV’'21)
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(a) Hard Shadow (b) Soft Shadow



Network Architecture: DC-ShadowNet
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Shadow-Free Chromaticity Loss
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Shadow-Free Chromaticity Loss
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Domain Classifier

GAP : Global Average Pooling é .
AVG : Averase Domain Classifier
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Shadow-Robust Feature Loss

(a) Input Shadow 1. (b) Feature Map of the Input V' (I.) (¢) Output Shadow-Free Z. ¢ (d) Feature Map of the Qutput V (Z. )

Efe.'-\ture (G's) - ” ‘Y(Zsf ) e V(Is ) ” 1°

where V' (I;) and V' (Z,s) denote the feature maps extracted
from the Conv layer of the pre-trained VGG-16 network.



Boundary Smoothness Loss

(a) Input Shadow 1. (b) Soft Mask M . (¢) Shadow Boundaries B(M..) (d) Output Shadow-Free




Results: Hard Shadows




Results: Hard Shadows




Results: Hard Shadows

(d) Param+M+D-Net [21]
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(¢) MaskShadowGAN [1 ]

(a) Input (b) Ours (¢) MaskShadowGAN [1 3] (d) DSC [ 4]
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(f) Gong et aI [\]

(e) ST-;CGAN [27]
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(e) DeshadowNet [21]

(f) Gong er al. [~]



Results: Soft Shadows




Results: Soft Shadows
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(a) Input Image (¢) Mask-ShadowGAN [13] (d) Our DC-ShadowNet




Results: Soft Shadows
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(d) [20] (e) [1] (f) Gryka [V] ~ (g) Guo [11]  (h) [11] (auto)
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https://tanrobby.github.io/




