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What's wrong with shadows?




What do we want?




Datasets

SBU Dataset (link) - this new dataset contains 4,727 images (4,089 train images
and 638 test images) with pixel based ground truth.

ISTD Dataset (link) - it contains 1870 triplets of shadow, shadow mask and
shadow-free image under 135 different scenarios.


https://www3.cs.stonybrook.edu/~cvl/dataset.html
https://github.com/DeepInsight-PCALab/ST-CGAN

Approach #1 - Shadow Detection

Intrinsic image - get reflectance and illuminance constituents.

Input = reflectance X illumination

a b c

Cons:
- environment calibration

- twilight/night

- spectral properties of the camera

- modify the original color and intensity of images


http://www.ai.mit.edu/courses/6.899/papers/13_02.PDF

Shadow Detection

Fast Shadow Detection from a Single Image Using a Patched Convolutional Neural Network (2018)

Input Image Segmentation Segment Classification Shadow Prior Map (P)



https://arxiv.org/abs/1709.09283

Patched-CNN

32 3 1 3] 4 30 32

2X2 pooling

< ' 2x2 pooling
32 Dense connection 32

Input: 32x32 RGBP path
NN: 6 conv 2 pooling and one fully connected layers
Output: probability map of patch

Loss: negative log-likelihood of the prediction of all pixels

http://chenpingyu.org/docs/yago_eccv2016.pdf



http://chenpingyu.org/docs/yago_eccv2016.pdf

Evaluation Metric

ShadowA Ll
adowAccuracy =
4 all shadow pixels
T'N
Non — shadowAccuracy = :
all non — shadow pixels
I'P+TN

TotalAccuracy = :
all pixels
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Fig. 2. Comparison of our qualitative results with the results of other methods. Rows from top to bottom: input images, ground truths, results of
unary-pairwise method, results of stacked-CNN, obtained probanility map of our method, binary mask of shadows based on the probability map of our
method.

https://arxiv.org/pdf/1709.09283.pdf



https://arxiv.org/pdf/1709.09283.pdf

Shadow detected

What next?




Generative Adversarial Networks

Random Noise

Discriminator

https://medium.com/datadriveninvestor/generative-adversarial-network-gan-using-keras-ce1c05cfdfd3



https://medium.com/datadriveninvestor/generative-adversarial-network-gan-using-keras-ce1c05cfdfd3
https://medium.com/datadriveninvestor/generative-adversarial-network-gan-using-keras-ce1c05cfdfd3

GAN objective

m(}n max V(D,G) = Eaepy,,, @108 D(x)] + Ezcp, (2) log(1 — D(G(2))]

https://arxiv.org/abs/1406.2661



https://arxiv.org/abs/1406.2661

Conditional GAN

xr

~D|][|—> fake ~Hﬂ[|—> real

https://arxiv.org/abs/1611.07004



https://arxiv.org/abs/1611.07004
https://arxiv.org/abs/1611.07004

Conditional GAN

Irgn max V(D,G) = Egnppa(a) 108 D(2|Y)] + Eznp, (z)[log(1 — D(G(2|y)))].

https://arxiv.org/abs/1611.07004



https://arxiv.org/abs/1611.07004

Approach #2 - Shadow Detection & Removing
!

Color[] : CGAN for shadow detection
_ Color ! : CGAN for shadow removal
........... y/ iz N 4 ! @  :concatenation over channels

7§ : skip connection between mirror layers
i : fake pair/triplet for discriminator

G :real pair/triplet for discriminator

Shadow Detection Shadow Removal

Input image

== = = Input image Input image

| Detected shadow Detected shadow

Shadow removal image

D,
“ "—' Real/Fake
[5)

Input image
GT shadow
: Ground truth

Real/Fake

Input image
(<]

GT shadow

Stacked Conditional Generative Adversarial Networks for Jointly Learning Shadow Detection and Shadow Removal (2017


https://arxiv.org/abs/1712.02478
https://arxiv.org/abs/1712.02478

Shadow Detection & Removing

Ahin, Jes Lasta: (G1) + MLaaras (G2|G1) +

M Lcocan, (G1, D1) + AsLccan,(Ge, D2|Gh).

. TP TN
BER =1 — =
B 7P PN T TN £ FP)

Detection: Balance Error Rate (BER) for ground-truth masks and the predicted ones.

Removal: Root Mean Square Error (RMSE) in LAB color space between the ground
truth shadow-free image and the recovered image.



Image  GT Mask cGAN




Shadow Detection & Removing




Approach #3 - Shadow Generation/Augmentation




Cycle GAN - Datasets

Paired | Unpaired

https://hardikbansal.qgithub.io/Cycle GANBIlog/



https://hardikbansal.github.io/CycleGANBlog/
https://hardikbansal.github.io/CycleGANBlog/

Start

Cycle GAN

Discriminator A ‘4— |
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Unpaired Image-to-Image Translation e

Cyclic_A

using
Cycle-Consistent Adversarial Networks

(2017)
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https://junyanz.github.io/CycleGAN/
https://junyanz.github.io/CycleGAN/

Cycle GAN objective

c(GﬁFfD;\'-.DY) :LGAN(G,DY,X,Y)
T EGAN(F, D‘\’vYSX)
+ )\CC)'C(GﬁF)s



Cycle GAN

Output

Input

zebra — horse


https://junyanz.github.io/CycleGAN/

Cycle GAN



http://www.youtube.com/watch?v=lCR9sT9mbis

CycleGAN  CycleGAN+Ljgentit

|dentity Loss
Ligenting(G; F) =

Eypuua(w) G () = yll] +

Eonpaa(a) [[1F'(2) = [|1].




Cycle GAN




Mask-ShadowGAN

shadow cycle-consistency loss

input |

shadow
identity loss

guide | -
M, i
(a) Learning from shadow images
https://arxiv.org/pdf/1903.10683.pdf

f shadow-free
adversarial loss

shadow-free cycle-consistency loss

}
I, 7

input

Mr shadow-free
identity loss
Dy
I S shadow

adversarial loss input [ i

(b) Learning from shadow-free images


https://arxiv.org/abs/1903.10683
https://arxiv.org/pdf/1903.10683.pdf

Mask-ShadowGAN

Ltinat(Gs,Gyg, Ds, Dy)

= w1(LEan (G, Df) + Lgan(Gs, Ds))
+ wa(Lyee (G, Gs) + Ly (Gs, Gy))
+ ws identity(G ) + deentzty(Gf ) -



Mask-ShadowGAN




Mask-ShadowGAN




Mask-ShadowGAN

shadow cycle-consistency loss

input |

shadow
identity loss

guide | -
M, i
(a) Learning from shadow images
https://arxiv.org/pdf/1903.10683.pdf

f shadow-free
adversarial loss

shadow-free cycle-consistency loss

}
I, 7

input

Mr shadow-free
identity loss
Dy
I S shadow
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(b) Learning from shadow-free images


https://arxiv.org/abs/1903.10683
https://arxiv.org/pdf/1903.10683.pdf

Summary




Thanks for your time and attention!

Questions?




