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Introduction

* Image Resolution

= Super Resolution

- Image Retargeting

- Image Outpainting
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Introduction

* Image Retargeting

- Seam carving
- Seam: 2t 7F Of| L X| X}O|F H| o] 7hE %2 Of| LA X| T &

Removing V-Seam, image shape = (225x225), size = 1.16 MB Removing V- Seam |mage shape = (200x239) 5|ze = 1.09 MB

! Pavinin Tigair S o Buienl Vs bniils

R AXNa i VP

SOGA\IG UNIVERSITY LAB



A S0GANG UNIVERSITY

Introduction
* Video Retargeting

- Image Retargeting + Temporal coherence
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Introduction
* Video Retargeting

- Image Retargeting + Temporal coherence

Input{video - - ‘ t Current frame
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DNN object-detection Siamese networks Moving average filtering Grid map Retargeted video
(a) (b) (©) (d)
< Object-tracking & nonlinear warping method >
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Introduction
* Video Retargeting

- Image Retargeting + Temporal coherence
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< Extrapolation for video retargeting >

(b)

< Training data generation for CNN-based extrapolation >
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Cycle-IR!l

* Motivation
« GT — input image pair...?
- The way to produce the ideal retargeting results is uncertain

;= Unsupervised! — doesn’t require any labeled data!

SR

Outpainting

Retargeting
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Cycle-IR
* Method

- Downscale — upscale = input

- Upscale — downscale = input
- How..?

;'s Dual output & cyclic perception loss

Forward Retargeting Reverse Retargeting
e e e e e e e e e e e e i
I
Cyeie top :
Coherency Less ILR IRNet IHR "'
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Iy IRNet
i
i
Cydlic JHR IRNet fretiom |
Coherency Loss :
I
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Fig. 1. Overview of the proposed Cycle-IR framework. By cyclically utiliz-
ing the retargeting results of the forward inference of deep image retargeting
network (IRNet), our IRNet can be trained in an unsupervised way, without the
requirement of any manual label.
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Cycle-IR
* Method

- Forward Retargeting Forward Retaraeting

LR 7HR __ r ) —
=%, 1" =IRNetpwp(lo) wver )

- Reverse Retargeting

1P 1% = IRNet gy (I'F)

s ™
IRNet | 1pgiom )
S |

Ibotfﬂm Ibﬂttﬂm _ IRﬁTEtRELe’ (IH R)

Fig. 1. Overview of the proposed Cycle-IR framework. By cyclically utiliz-
ing the retargeting results of the forward inference of deep image retargeting
network (IRNet), our IRNet can be trained in an unsupervised way, without the
requirement of any manual label.

= Cyclic Perception Coherence Loss
- f;: pretrained VGG16 [*" layer
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Cycle-IR
« Obtaining Visual Attention Map
* Fnap: Backbone (Conv4-1 of VGG16) + 3 convolution layer

- Spatial and Channel Attention Layer

~laten = Taten (Fmap)

' Attention map

Reverse Retargeting

Forward Retargeting

l
l
|
I
L 3 5 Finap |Spatial and Channel
Iy EM Backbone —» Aliestion 1 ayer
|
|
l
l

Conv, 128
Convy, 64
Cony, 32

VGG Conv4-1 Relu Relu Relu

Reverse Retargeting
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Cycle-IR

« Obtaining Visual Attention Map

- Spatial and Channel Attention Layer
- Fnap: extracted deep representation
- I ,¢¢n : attention map (visualization)
5: laein = Lattn (Fmap)
:': Input of channel attention component

v Output of spatial attention, not £y,

q c 4 q
Spatial Attention Channel Attention B
3 3 = 8 I
(=] Q =) =)
o @] &) o
\__Relu  Relu Sigmoid ) Wy \___ Relu Sigmoid
Fnap a&
Fa g d LS s
SOGANG UNIVERSITY



Cycle-IR

» Generating desired target image

- Calculate scaling factor for each grid cell for reconstructing IR

- Using guidance of visual attention map I
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- Calculate scaling factor for each grid cell for reconstructing 7R

SHIMR) =1 —SHIM) + 4y,
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SP(IR) =1 — SU(I"R) + 1,
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Cycle-IR

» Generating desired target image

Grid cell

Generate

Scaling factor  [Sii | ; S result
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Cycle-IR

 Pixel-wise Loss vs Perceptual Loss
- Pixel-wise loss
= Perceptual loss

- Pixel-wise + perceptual loss

it

(a) Input image (b) SCLL (c) Pixel-Wise Loss
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C Yy cle-IR
Forward Retargeting Reverse Retargeting

 Single Cycle Loss vs Pair Cycle Loss e ».

- Single Cycle Loss (top) Comerency Lo JLR IRNet % 1o B
= Singl le L tt

Single Cycle Loss (bottom) o
= Pair Cycle Loss i

i (
Cydic JHE IRNet i LR'B""""“ =
Coherency Lues |
|

(a) Input image (b) Single Cycle Loss (bottom) (¢) Single Cycle Loss (top) (d) Pair Cycle Loss (employed)
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Cycle-IR
 Saliency Guidance
- Saliency S 2 & 225X}
- HKU-IS dataset: priori information (GT saliency) embedded

- Pixel-wise loss + saliency map

:'= Fail..

- Perceptual loss + saliency map

= Fail...

IR Pow ¥
A et L) ; e
(a) Input image  (b) Pixel-Wise Loss + (c) Perceptual Loss +
Saliency map Saliency map
(i) T im,,ge b} SiBenes i (c) Learned Fig. 7. Demonstration of integrating saliency maps as guidance with pixel-
importance map wise loss or perceptual loss.
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Cycle-IR

» Results

Fig. 8. Demonstration of the ability of our Cycle-IR to generate target images with arbitrary sizes. Despite the large scale span (from 0.5 to 1.75), our Cycle-IR
is able to generate satisfactory target images.
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Cycle-IR

» Results

Input QP CR SCL Warp SC Multiop SNS SM ASAP Cycle-IR

Fig. 9. Visual comparison of our Cycle-IR with representative retargeting approaches. The images are retargeted to half width.
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Cycle-

IR

* Results

J Outperforms — | ASAP  SC SM SNS Warp Multiop Cycle-IR | Total | Prefer
ASAP - 134 165 134 159 80 80 752 | 55.7%
SC 91 - 139 94 133 71 74 602 | 44.6%
SM 60 86 - 71 121 50 54 442 | 32.7%
SNS 91 131 154 - 157 72 71 676 | 50.1%
Warp 66 92 104 68 - 24 27 381 | 28.2%
Multiop 145 154 175 153 201 - 111 939 | 69.5%
Cycle-IR 145 151 171 154 198 114 - 933 | 69.1%

< User preference study >

(a) Input image () SCL (c) Our Cycle-IR

< Some failure cases >
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Cycle-IR

e Conclusion

- Unsupervised deep image retargeting approach

- Doesn’t need any labeled data, additional parameter settings, or human assistance
- IRNet model outputs a pair of retargeted images
= Cyclic perception coherence loss

- Evaluates cycle coherence between the forward-backward mapping results

- Can be applied to other image retargeting methods
- Spatial and channel attention layer

- Able to discover visually interesting areas of input images

:'= Visualization

:': Learnable network to help assist the IRNet in learning accurate attention map
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Two-Directional Image Retargeting!!

» Contribution

= Two-directional non-uniform scaling according to the statistical distribution of scaling
functions

- Salient regions of input image can be preserved
;' Two-directional non-uniform scaling allows more input marginal regions

= Use of region-aware guidance map from inversed importance map

- Compensates quality degradation from non-uniform scaling

< Difference of proposed approach compared with the unidirectional non-uniform scaling >
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Two-Directional Image Retargeting

* Overview of Proposed Approach

Two-directional Scaling Functions

Saliency Map

» Importance Map

Depth Map

Input Iage Retargeted Image

Texture Map

Region-Aware Guidance Map

< Overview of proposed approach >
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Two-Directional Image Retargeting

* Importance Map

- Saliency detection
-B(i,j) : UNISALD!
= Monocular depth estimation
-Q(i,j) : MiDas!4l
= Importance Map = saliency & depth
~Amie(i,j)) = A-BALH+ A =21)-Q@))
- Refinement with WLS solution
(A—Almr)T(A mIt)+a'(A DxPxDxA+A DyPyDyA)

A=(U+a(DPD_ +D/PD )

??H it

-

< Importance map estimation >
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Two-Directional Image Retargeting

* Importance Map

- Refinement
- Bilateral filetr / guided filter / WLS(Weighted Least Squares filter

- Removing halo effect

o

“Rguided

< Importance map estimation — guided filter / proposed >
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Two-Directional Image Retargeting

» Two-Directional Scaling Functions
- Proposed method defines two-directional scaling ratios in each direction
- Using entropy-based dispersion measure
;' How “evenly” is the probability distributed
v'Scaling function is used

- Importance map is used

Q 9]
()
image (400x300), (b)
scaling function sy (¢ =
=.339).

v

(a)
Figure 5: Bidirectional
Importance map, (¢) Ret |
0.6139, Q,=339), (e) V|
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Two-Directional Image Retargeting

» Two-Directional Scaling Functions
- Oy, Q,, : Target height, width

" @, ¢y : Horizontal, vertical scaling ratio

= 5, (i), sy(j) : Horizontal, vertical scaling function

= A(i,j) : Importance map

s, (i) = 2 4()\ 2, 40-7)
x ZZ&) YA
Q =wxzpA, Q =hxTeA
P y ( h®,, - ®
p, + Pt P, KA
| ho,, - o
p.'r: - exp[_Ch (Sx (1))]’ py - exp[_Ch (Sy (J)):'* L gD +§D (D ,
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Two-Directional Image Retargeting

» Two-Directional Scaling Functions

0, Q,

(a) (b) (©) (d) ()

Figure 5: Bidirectional scaling functions and ratio. (a) Input image (400Xx300), (b)

Importance map, (¢) Retargeted image (339X339), (d) Horizontal scaling function s (¢x=
Q_\-: 339), () Vertical scaling function s, ((pJ-Q.v: 339).
=400 X 300 —» 339 x 339
- Compute importance map A({, j)
- Get scaling function s, (1), s,,(j)

- Get scaling ratio ¢y, ¢,

- Get target height, width Q,, Q,,
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Two-Directional Image Retargeting

» Region-aware guidance map
- Problem with uniform scaling

= Problem with non-uniform scaling

£
cc l/ .

(a) Input 1mage

(¢) Non-uniform scaling
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Two-Directional Image Retargeting

» Region-aware guidance map

®,,.~1.25

ont .

- To enhance degradation of non-uniform scaling

= Region-aware guidance map = inversed importance map * texture map

G, j)=A=A4@ /)T, )),

Scaling function 25 15 1 1.8 22 03 05 04 08 1 03 04 07 06
. & & @ —@ L 4 > [ @ @ L L 4 4 L o
Rc‘gmn- aware G, G, G, G, G; G, G, G, G, G; Gy G, Gy G,
guidance map ® ® °® e e * o —e ® L L *— —0—
Input pixels I, L I I, I L L Iy I I I I, I I,
@ L L 4 2 L 4 > * —o—0 L @ @ @ @ ®*
. @ L *—@ L @ @ @ *— L L ® L 4 —@
Target pixels R, R, R, R, R« R, R, Rq R, R, R, R; R, R;
514G, 814G I, 0.3(14GL+0.5(14Gyl, | 0.2(14Gy)l, 0.3(14G I +0.4(14G ), 0.4(1+Gy)l g
(HGYL, | (G, +&o;({11+:G:)Il, (FGIL | (6L | (G, 3::((1:6:;, (Gl | (4G, ( m.;u:(;:;l, g +n.;(1++(;,})l. (A+Gls [ +0.;(1+(:.§|, ) +0:(11{:a:)l,

»
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Two-Directional Image Retargeting

* Overview of Proposed Approach

Scaling function 25 1.5 1 1.8 2.2
Region-aware G, G, G, G, G
guidance map ® . . * .
Input pixels I, L, L L 1
Two-direction
. L ———— 00— —0—0—0—
Saliency Map S, Targetpixelk g~ R, R, R, R, R, R, R, R,
asepn | e, [ gL | asear, | avegn | asear | GG | aseal, | asear,
»
—3 —p
. Importance Map '
Q,
®i” =14
Depth Map , S
y
i p——
= Ql 7
Input Image Texture Map Retargeted Image

Region-Aware Guidance Map

< Overview of proposed approach >
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Two-Directional Image Retargeting

» Results
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Two-Directional Image Retargeting

» Results

= Cycle-IR : over-smoothing & twist

Input SCL Cycle-IR Proposed
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Two-Directional Image Retargeting

» Results

= Cycle-IR : over-smoothing & twist

Input SCL Cycle-IR
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Two-Directional Image Retargeting

» Results
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Two-Directional Image Retargeting

e Evaluation

MLF Measure ARS Measure
0.600 0.543 0.910 0,904 0.004 0.905
0.400 0.361 0.900
0.253 0500 0.883
0.200 : 0.881 0.883
0.880
0.000 0.871
L]
, -0.065 - - 0.870 0.865
-0200 ' -0.169 -0.152 0.860 !
-0.400 0322 0.850 [
-0.600 -0.486 0.840
msSY mMOP msC SCL mSM mSNS m WARP m Proposed mSY mMOP mSC SCL mSM mSNS mWARP ®Proposed

- MLF Measure
- Multiple-Level Feature-Based Measure
- ARS Measure

- Backward Registration-Based Aspect Ratio Similarity Measure

- User study / MLF / ARS / BDS
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Two-Directional Image Retargeting

e Evaluation

- MLFDPI Measure (Multiple-Level Feature-Based Measure)

Votes = 27 v.s. 40 Votes = 32 v.s. 12 Votes = 34 v.s. 11

ARS = 0.863 v.s. 0.838 ARS = 0.889 v.s. 0.947 ARS = 0.938 v.s. 0.956

Qrc =0.793 v.s. 0.818 Qrc = 0.891 vs. 0.836 Qrc = 0.857 v.s. 0.824
: (c)

Face Block
Similarity

Original image Retargeted images

Similarity

Aspect Ratio
Similarity

1
1
1
1
1
1
1
1
1
1
]
1
1
1
1
)
Edge Group |
)
1
1
1
]
]
)
1
1
1
]
1
1
]
1
1
1

Backward registration estimation Multiple-level feature generation Feature fusion
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Two-Directional Image Retargeting

 Conclusion
= Steps
- Estimate importance map by saliency, depth map, and median filtered input image

- Two-directional scaling functions derived from importance map with measure of statistical
dispersion

- Generate target image using region-aware guidance map, by two-directional non-uniform scaling

- Contribution
- Two-directional non-uniform scaling

- Region-aware guidance map
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