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0 Problem background

0 Two-stage framework based methods

O Low-level image prior based methods
m ICIP16, TIP18

O Learning based solutions
O Limitations

0 Breaking the limitations of two-stage framework
o SIR? benchmark dataset
m |[CCV17

O CRRN: a deep learning model to remove reflections
m CVPR18
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Problem background

Images are from “Li et al. Exploiting Reflection Change for Automatic Reflection Removal . ICCV 2013”
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0 Difficulties of this problem
O Estimate two unknown parameters from one equations

O The similarity between background and reflection

Mixture image Background Reflection

| B R
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0 A two-stage framework: Detection and Removal.

Detection Results

Removal
P(LB»LR) = P1(LB) ) Pz(LR)

Reflection Background

AYO7: Levin et al. User assisted separation of reflections from a single image using a sparsity prior. TPAMI 2007



Related work

Detection

Image sequence

Results

Removal
P(LB'LR) = P1(LB) ) PZ(LR)
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Li et al. Exploiting Reflection Change for Automatic Reflection Removal . ICCV 2013



Related work

Detection

~

Background edges

DoF confidence map

Reflection edges

(P (Lp, Lg) = Pi(Lp) - Po(Lg)

WS16: Wan et al

. “Depth of field guided reflection removal” ICIP 2016
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0 Regional properties of reflections

o Only cover a very small region

Patch Matching Stage
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Imput mixture image I
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Gradient prior|(long-tail)

C ] [l

Gradient prior (short-tail)

Estimated reflection R 4 3 2 1 0 1 2 3 4,4 -3 _-i_ _1_0_ 1 _2_3_4______________1 Estimated background B

Content prior

WS18: Wan et al. “Region aware reflection removal with unified content and gradient priors” TIP 2018
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0 Learning based methods with two-stage framework

O Noroozi et al. ConvNet-based Depth Estimation, Reflection Separation and
Deblurring of Plenoptic Images. ACCV 2016

0 Fan, et al. A Generic Deep Architecture for Single Image Reflection Removal
and Image Smoothing. CVPR 2017

Edge extraction Image reconstruction

Inp S i
E-CNN
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0 Not dependent on the two-stage framework
o LB14: Li Yu et al. Single Image Layer Separation using Relative Smoothness
o NR17: N Arvanitopoulos et al. Single image reflection suppression

o SK15: Shih et al. Reflection Removal using Ghosting Cues

Mixture image Background image Reflection image
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0 Not dependent on the two-stage framework
O LB14: Li Yu et al. Single Image Layer Separation using Relative Smoothness
o NR17: N Arvanitopoulos et al. Single image reflection suppression

o SK15: Shih et al. Reflection Removal using Ghosting Cues

T*,G* = argmin ||£(T) — L(Y)|3 + A\C(G)+
T,G

+BIVT - Gl3,

=

where

C(G) =CH,V) = #{(i,]) | |Hi;| +|Vi;| # 0}

Image smoothing
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0 Not dependent on the two-stage framework
O LB14: Li Yu et al. Single Image Layer Separation using Relative Smoothness
o NR17: N Arvanitopoulos et al. Single image reflection suppression

o SK15: Shih et al. Reflection Removal using Ghosting Cues

Result

Mixture image




Limitations
T

0 The limitations of the two-stage framework.

0 Highly depend on specific scenarios.

O Limited description ability to the reflection properties.

Mixture image

Result obtained by NR17

m  Blurring effects or ghosting effects.

Mixture image Result by SK15

Failure case of blurring effects



Breaking the two-stage limitations

Benchmarking Single-Image Reflection Removal Algorithms
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Abstract ‘motion cues from an image sequence [36], or physics con-
straint from polarized light [14]. Almost all existing works
paration quality by checking subjective visu-
titative evaluation is performed only using
but seldom on real data due to the lack of ap-
t. Benchmark datasets have been served as
e research for various physics-based vision
as intrinsic image decomposition [11] and
has never been conducted due to the lack of suitable bench- photometric stereo [28]. This motivates us to benchmark
mark data with ground truth. This paper presents the first reflection removal algorithms.

captured Single-image Reflection Removal dataser “SIR®’ This paper starts from a brief survey of existing reflec-

CRRN: Multi-Scale Guided Concurrent Reflection Removal Network
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Abstract

observed with special assumptions, e.g., the gradient priors
on the basis of the different blur levels between background

Removing the undesired reflections from images raken

thraugh the glass is of broad application to various cam-
puter vision tasks. Non-learning based methods uiilize dif
ferent handcrafied priors such as the separable sparse gra-
dients caused by different levels of blurs, which often fail
due 1o their limited descripiion capability 1o the praper-

properties and project the partial observation as the whole Estimaled gradlent ve-

ries of real-world reflections. In this paper, we propose the truth. When the structures and patterns of the background
Concurrent Reflection Remaoval Network (CRRN) to tackle are similar to those of the reflections, the non-leamning based GIN; Gradent Iarane nework
thix nrablem in a unified framework. Our nronosed netwark methods have difficulty in simultaneouslv emoving reflec-
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Featum exiraclion layers AE  Concal opereson  Muil ided Inlerence
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Single-image Reflection Removal dataset

SIR?: Motivations

LB14

4.2.1 Results on Synthetic Data

Based on the mixing process I = Lg + Lg * h, we have SIGGRAPH 2015

synthesised layer mixing data. A 2D Gaussian of standard

deviation five is used as the defocus blur kernel /& in our H H

el he it ombtinglimigpestis il ot i A Computational Approach for Obstruction-Free Photography

Tianfan Xue'™  Michael Rubinstein?®  Ce LiuZ*  William T. Freeman2

TMIT CSAIL 2Google Research

* Part of this work was done while Michael Rubinstein and Ce Liu were at Microsoft Research, and when Tianfan Xue was an intern at Microsoft Research New England.

SK15
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A window

Reflected image " [l

([— [ransmitted image
] [ -

Camera

SSIM=0.7538  SSI

Fig. 6. Three reflecti 1 ples on hesized data.
The corresponding SSIM with regard to the ground truth back-
ground layer are also listed below for quantitatively showing the

flecti of our separation. Note that we just write the recov- i ’
ered reflection layer as Lg.




Single-image Reflection Removal dataset

SIR?: Motivations

LB14

4.2.1 Results on Synthetic Data

Based on the mixing process { = Lg + Ly * i, we have SIGGRAPH 2015
synthesised layer mixing data. A 2D Gaussian of standard

deviation five i d as the defi blur kernel /1 i H H
cyafigis. T it mixing Anages as well s fhe el A Computational Approach for Obstruction-Free Photography

Tianfan Xue'™  Michael Rubinstein?®  Ce LiuZ*  William T. Freeman2

Input | La Lr
; TMIT CSAIL 2Google Research

* Part of this work was done while Michael Rubinstein and Ce Liu were at Microsoft Research, and when Tianfan Xue was an intern at Microsoft Research New England.

SK15

A window /

Reflected image [

ransmitted image

Camera

SSIM=0.7538  SSIM = 0.8763

Fig. 6. Three reflection removal examples on synthesized data.
The corresponding SS5IM with regard to the ground truth back-
ground layer are also listed below for quantitatively showing the
effectiveness of our separation. Note that we just write the recov-
ered reflection layer as Ly.



Single-image Reflection Removal dataset

SIR?: Motivations
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LB14

4.2.1 Results on Synthetic Data

Based on the mixing process { = Lg + Ly * i, we have SIGGRAPH 2015
synthesised layer mixing data. A 2D Gaussian of standard

deviation five i d as the defi blur kernel /1 i H H
cyafigis. T it mixing Anages as well s fhe el A Computational Approach for Obstruction-Free Photography

Tianfan Xue®™  n William T. Freeman!-2

Input | Ls Lr

Not enough

* Part of this work was done while Michael Rubinstein and Ce Liu were at Microsoft Research, and when Tianfan Xue was an intern at Microsoft Research New England.

SK15
v

A window

Reflected image | | Transmitted image

5 Not enou

Camera

7538 SSIM = 0.8763

Fig. 6. Three reflection removal examples on synthesized data.
The corresponding SS5IM with regard to the ground truth back-
ground layer are also listed below for quantitatively showing the
effectiveness of our separation. Note that we just write the recov-
ered reflection layer as Ly.



Single-image Reflection Removal dataset

SIR?: A benchmark dataset

Background

Background Reflection




ngle-image Reflection Removal dataset

SIR?: A benchmark dataset
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Single-image Reflection Removal dataset

SIR?: A benchmark dataset

Reflection Background




SIR?: Types of reflections

Physical model Mathematical model
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SIR?: Images with different reflections
_ 23 |

0 Different parameters to explore the influence of different settings.

o Seven different aperture sizes and 3 different thickness settings in the postcard and solid
object dataset.

o Different indoor and outdoor scenes in the uncotrolled scene dataset.

‘ - F11/T5 F19/T5 F32/T5
IR

F32/T3 F32/T5 F32/T10



SIR?: Various scenarios
249
0 Image triplets taken in different scenarios.

0 The postcard dataset (200 image triplets and 600 images in total).
O The solid object dataset (200 image triplets and 600 images in total).

O The wild scene da’rase’r (100 scenes and 300 i images in total).

Mlxture |mage Background Reflection
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SIR?: Various scenarios
_ 25 |
0 Image triplets taken in different scenarios.
O The postcard dataset (200 image triplets and 600 images in total).
0 The solid object dataset (200 image triplets and 600 images in total).

O The wild scene datase

] .

t (100 scenes and 300 images in total).

Mixture image Background Reflection




SIR?: Various scenarios
I I
0 Image triplets taken in different scenarios.

O The postcard dataset (200 image triplets and 600 images in total).

O The solid object dataset (200 image triplets and 600 images in total).

0 The wild scene dataset (100 scenes and 300 images in total).

Background Mixture image Reflection

Accepted by ICCV 2017. More details can be found here: https:/ /sir2data.github.io



SIR?: Limitations of evaluated methods
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0 The ignorance of the regional properties of reflections

0 The highly dependence to specific priors

O Ghosting effects and blurring effects

Mixture image

Result obtained by NR17

Mixture image

Result by SK15

=

Failure case of ghosting effects

Failure case of blurrina effects



CRRN: Deep learning based methods

Depth extraction Image reconstruction
- ) - . 2
T W - vl + Sl

Noroozi et al. ConvNet-based Depth Estimation, Reflection Separation and Deblurring of Plenoptic Images. ACCV 2016

)

ARk

Edge extraction Image reconstruction

==

FY17: Fan et al. A Generic Deep Architecture for Single Image Reflection Removal and Image Smoothing. ICCV 2017




CRRN: Training data preparation

L
FY17

Randomly pick two natural images normalized to [0, 1]
as background B and reflection R respectively, then:

R « gauss_blur,(R) with o ~ U(2,5)
I«~B+R

m+mean({L(x,c) | I(x,c)>1,Vx,Ve=1,2,3})
R(x,c) «R(x,c)—v- (m—1),¥x,Ve; v setas 1.3
R « clipjg1j(R)

I « clipjp1) (B +R)

Output I as the synthesized image with B as the
ground-truth background layer.

I=B+R

I=B+Rxh LB]4,WS]6...

AN o




CRRN: Training data preparation

T I EEEE———————
FY17

Randomly pick two natural images normalized to [0, 1]
as background B and reflection R respectively, then:

R « gauss_blur,(R) with o ~ U(2,5)

I« B+R

m+mean({L(x,c) | I(x,c)>1,Vx,Ve=1,2,3})
R(x,c) «R(x,c)—v- (m—1),¥x,Ve; v setas 1.3
R €~ Cfip[u,l](ﬁ)

I « clipjp1) (B +R)

Output I as the synthesized image with B as the
ground-truth background layer.

I=B+R

I=B+Rxh

I=B+Rx*(ad ¥

AN o




CRRN: Training data preparation
.35

FY17
Randomly pick two natural images normalized to [0, 1]
I=B+R as background B and reflection R respectively, then:
1. R « gauss_blur,(R) with o ~ (2, 5)
2.1+ B+R
/i . meang{l(x, c) | I(x, c) >1,¥x,Ve=1,2.3})
4. W) —R(x, c)— - (m—1),¥x,Vc; v setas 1.3
" | '[[1,1](11)

I=B+Rxh

I=B+R+*(ad, +

sv-the synthesized image with B as the
ground-truth background layer.




CRRN: Training data preparation

0 3250 reflection images taken from different places

Reflection images Synthsized mixture images



CRRN: Network structure

liN: Image inference network

4 X 4 %256
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3x3 %256
3x3x16
3x3x3

LoeooeneeeeeoFinestuned VGG model oo

Estimated B*

Encoder

GiN: Gradient inference network

B = O OO

Cov layers (stride = 1, 2) Max-pooling layers De-conv layers (stride =2) Feature extraction layers A\B Concat operation

Input imqée

3x3x128
3x3x256
4x4 %256

3x3x512

3x3x512
4x4%x512
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Input gradient

Multi-scale guided inference



CRRN: Network structure

liN: Image inference network

]
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Input gradient

GiN: Gradient inference network

B - O 0o

Cov layers (stride = 1, 2) Max-pooling layers De-conv layers (stride =2) Feature extraction layers A\B

Concat operation Multi-scale guided inference



CRRN: Network structure

liN: Image inference network
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GiN: Gradient inference network

B = O OO

Cov layers (stride = 1, 2) Max-pooling layers De-conv layers (stride =2) Feature extraction layers A\B Concat operation Multi-scale guided inference

Input gradient




CRRN: Network structure

liN: Image inference network
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GiN: Gradient inference network

B = O OO

Cov layers (stride = 1, 2) Max-pooling layers De-conv layers (stride =2)

Feature extraction layers A\B Concat operation Multi-scale guided inference



CRRN: Loss functions

-
0 A perceptual motivated loss functions.

O The blurry artifacts generated by pixel-wise losses

O Better visual quality due to the perceptual losses
= SSIM(x,y) = [1(x, )] [c(x, ] [s(x,¥)]” and SI(x,y) = [s(x, 3]

L :QESSIM(B,B*) + (1 - Q‘)ﬂl(B,B*)-i- Z:SSIM(R, R*) + ESI(VB,VB*)



CRRN: Evaluations

0 Comparisons with four state-of-the-art methods.
o LB14, WS16,NR17 and FY17

0 The generalization comparisons with FY17.

0 The wild scene dataset from ‘SIR2’.
o 100 image triplets

O Visually and quantitatively comparison

o Global evaluations
m  SSIM and SI

O Local evaluation
m  SSIMr and Sir



CRRN: Visual quality evaluations

Input image Ground truth Ours WS16

SSIM: 0.947 SSIM,: 0.933 SSIM: 0.935

SSIM,: 0.935

SSIM,: 0.872

T g
¥

SSIM: 0.914 SSIM,-: 0.913 SSIM:0.868  SSIM,:0.867 SSIM:0.848  SSIM,.: 0.863 SSIM: 0.881 SSIM,: 0.870 SSIM: 0.878 SSIM,-: 0.870



CRRN: Quantitative evaluations

SSIM SI SSIM,,. S,
Ours 0.895 0.925 0.861 0.890
FY17[7] 0.867 0.902 0.812 0.847
NR17 [1] 0.884 0.903 0.850 0.880
WSI16 [25] 0.876 0.910 0.843 0.881
LB14 [16] 0.833 0.920 0.801 0.861




CRRN: Generalization evaluations




CRRN: Generalization evaluations




CRRN: Generalization evaluations
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