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Problem

 dark shadow
— Lost color and texture clue information

— For human vision, the information in the
black hole region is clearly speculated

— Shadow area and non-shadow area global
contextual information are related

Image Inpainting and global contextual features can handle this problem together!
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Inpainting Motivation

» Dark shadow region without direct color and texture
information

« Similar to non-shadow areas
« Global context understanding

« Unlimited inpainting images
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Related Work

« Shadow removal by deep neural networks

Input ST-CGAN DSC

ST-CGAN: WANG J., LI X., YANG J.: Stacked conditional generative adversarial networks for jointly learning shadow
detection and shadow removal. In CVPR (2018)
DSC: HU X., FU C.-W., ZHU L.:Direction-aware spatial context features for shadow detection. In CVPR (2018) 5
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« Two-stage GAN inpainting and removal to get coarse and fine removal
images separately

 Slice convolutions module to extract long-range contextual spatial information
* Non-local block to explore the local and global contextual spatial information

Inpainting Removal Ground truth



Overview

G1: Shadow Inpainting Network
Skip connection
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Slice Convolution

2+*CxXH w
CXHXxW 1 X7 2;(C><Exw
 Decomposition and less -
parameters
Kernel:lx%

Stride: 1 X 2

* Long-range dependency
information CxHxW
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Stride: 1 X2 glice Deconvolution
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Non-local block

Output: z
HXW x2C
4 )
T\
' 3
HxW x2C 1 x 1 Conv HO:tﬁ;}t):(yC
] . reshape 4
» Global context information to o
explore both local and global Softmax
] ] g HW x HW >
inter-dependencies of pixels 5
HW x C C x HW HW x C
reshape reshape 1 1'eshape‘
HxWxC HXxXW xC HXxXWxC
6:1 x‘l Conv ¢: 1 X|1 Conv g:1 x‘l Conv
Wang X, Girshick R, Gupta A, et al. Non-local neural networks. 1utpl|1t: X 9
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Non-local visualization PACIFIC GRAPHICS 2017

Output HW x HW

Residual feature Output z 10
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Loss Function

* cGAN loss + perceptual loss

G" =arg m(}n mlglx LoGan(G, D)+ L;orar

£CGAN (G, D ) — Ex,yfv Pdata(X,y) [log D (X Y )]
T EXdi(,m (x) [lOg(l — D(X, G(x))>] 7

‘CTOTCZ[ — }\“CLI _|_ OCLperc + B‘C,giyle + Y£71’7

11



Perceptual Losses
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£ 1 out — I, Difference between output i
L= x| xw ont 7t ! and GT each pixel !
I H, w, , ; . Feature difference between generated |
Lperc = Y ) (|¥yr =¥, |l 1 image input to backbone network and |
Cp X Hp X ‘/Vp h=1w=1 L : |
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H, W | Qe L~ !
B 1 L L\ L (vislon IA\T (il , Same way, but Gram !
Latyte = Cp x Hyp x W), /1;1 w; (‘P/’ ) (\PP ) a (TP ) (TP ) | 1 matrix first computed !
I IRy I i+1j ij|| 1 Difference between each
L= CxHxW Z Lt~ = Lo 1+ CxHxW .ZR o™ = Lou li pixel and neight_)or pixel in i
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Training and testing

e Datasets:

— ISTD dataset triples of shadow images, shadow masks,
shadow-free images. 135 different shadow environments.

— Inpainting finetune dataset Places365.

« Evaluation index
— Root Mean Square Error (RMSE) in Lab space
— Statistic shadow area and non-shadow area separately

13
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Results - RMSE

» Comparison in ISTD dataset

Shadow  Non-shadow  All

Guo [GDHI12] 18.95 7.46 93
Gong [GC14] 14.98 7.29 8.53
Global/Local-GAN [ISSI17] 13.46 7.67 8.82
Pix2Pix-HD [WLZ* 18] 10.63 6.73 7.37
Deshadow [QTH"17] 12.76 7.19 7.83
ST-CGAN [WLY 18] 10.33 6.93 7.47
DSC [HFZ* 18] 9.22 6.39 6.67
Two-stage TBGANS 10.14 5.91 6.70

Two-stage TBGANSs+finetune 9.83 5.58 6.39 »




PACIFIC GRAPHICS 2019
o

Visual Comparison Results

Input ST-CGAN DSC TBGAN(ours)  Ground Truth
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Ablation
Shadow  Non-shadow All
w/0 TDBU&Inpainting 18.72 16.33 16.77
w/o TDBU 17.72 16.16 16.51
w/0 Non-local block 10.33 5.89 6.79
Ist-stage TBGAN 12.37 5.58 7.44

Two-stage TBGANS 10.14 5.91 6.70
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(b)

(f) (9)
(a) input images, (b) the results without slice convolution and the 1-stage TBGAN for shadow inpainting, (c) the results without

slice convolution, (d) the results without Non-local block, (e) the results of the 1st-stage TBGAN, (f) the results of our proposed 17
two-stage TBGANSs, and (g) the corresponding ground-truth shadow-free images, respectively.
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Limitations

 Failure cases

« Complex boundaries and complicated shapes
« Shadow area occupies a large proportion
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* Video shadow detection and removal
« Shadow removal for complex scenes

« Explore more real-world applications with slice
convolutions
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Paper QR Code:
http://www.chengjianglong.com/publications/SCShadow CGF.pdf

Thank you!
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