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Motoyoshi, Nishida, Sharan, Adelson (2007), Nature, 447,206-209
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Beck and Prazdny. Highlights and the perception of Todd, Norman & Mingolla, Lightness constancy in the presence of
glossiness. Perception & psychophysics (1981) vol. 30 specular highlights. Psychological Science (2004) vol. 15 (1) pp. 33
(4) pp. 407

Anderson, B., & Kim, J. (2009). Image statistics do
not explain the perception of gloss and lightness.
Journal of vision.
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Intensity order is altered little by material

MERL BRDF

Normalized intensity gradient map

Many material changes (in MERL database) have only minor effects
on pixel intensity order.



Separate processing of material and shape

Input
image

Magnitude of
Intensity gradient
Motoyoshi, Nishida, Sharan. Marlow, Todorovic,
P & Adelson (2007 j I & Anderson (2014)
‘ Material |
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T
— ‘ Gilchrist, Delman, HG_D
Intensity order & Jacobsen. (1983) C_G
information ‘ Lighting ‘ (}3
Pentland|(1989)
Gilchrist [(1977)
‘ Shape —

Fleming, Torralba,
& Adelson (2004)

(Sawayama & Nishida, VSS 2014; APCV 2014; Nishida et al., VSS 2015)
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Image-based material editing <

Incovative RED Sy NTT

Boyadzhiey, |., Bala, K., Paris, S., & Adelson, E. (2015). Band-Sifting Decomposition for
Image-Based Material Editing. ACM Transactions on Graphics, 34(5), 1-16.

R

(a) original image (b) wet/oily skin (¢c) smooth/shiny glow

Fig. 2. Our band-sifting operators are particularly useful for manipulating material properties in human faces. (a) Original image courtsey of Bychkovsky
et al. [2011] with detail inset at upper left, and mask inset at lower left. (b) We sift and then boost the high-amplitude, positive coefficients in the high-spatial
frequencies, which gives the skin a more shiny or wet look. (c) We manipulate the positive low-spatial frequencies coefficients, which gives the skin a soft glow.
(d) We produce an aging effect by emphasizing blemishes and pores that are not noticeable in the input image. We achieve this by sifting and then boosting the
low-amplitude coefficients in the high-spatial frequencies. (d) We reverse the effect, that is, reduce blemishes and pores, by decreasing the sifted coefficients
from (d).
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Fig.3. Conceptual diagram of our band-sifting space. Input image courtsey of Ewan [2009] Given an image, we split it into high- and low-frequency subbands.
These are then split into high- and low-amplitude parts. These are further split into positive and negative parts. For visualization purposes we show only two
frequency splits, but in practice we create log, (min(width, height))-frequency subbands and work on each one of them. Further, in order to make the size of
the space more tractable, we “compress” the set of possible choices by looking at two categories of frequencies. We consider the high-to-mid frequencies
as one category, which we refer to as “high-spatial frequencies”, and we look at the mid-to-low frequencies as another category, which we call “low-spatial
frequencies”. Further, as shown in the diagram, we do not split the low-spatial frequencies category based on the amplitude of the coefficients since, numerically,
sifting based on this criterion does not give much differentiation. However, the sign of the coefficients is still a useful sifting criterion along the low-spatial
frequencies paths, for instance, it differentiates between broad-gloss and broad-shadow effects. With colored text and arrows we show how various operators
can be mapped into paths in our space. With purple borders we show the path of sifted coefficients that was used to generate the orange result in Figure 1. In
the upper-left border we show an alternative, more compact diagram, of the same path. On the far right, next to each path, we show acronyms which we use to
describe paths in our space. For example, we use HHP for paths that manipulate (H)igh-spatial frequency, (H)igh-amplitude, (P)ositive coefficients.
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Perception of sub-resolution fineness Ay
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Shinya, Sawayama & Nishida (in
preparation)

0.3 pixel
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Perception of sub-resolution fineness
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Perception of sub-resolution fineness Ay
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Wet filter

Original image Transformed image
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(DChange the luminance histogram positively skewed
(@Enhance the color saturation

Sawayama & Nishida (2015 VSS)



Wet filter

Original image Transformed image

Output lum.

Input lum.

4 (s .2
| » -
| - e . ,v'
N v P oy
B o 1 Xl
R "
# - ..-.'.4 o v
! y o -
’ <4 a ¥
- . FraLN .
. :
.

Output sat.

Input sat.




Wet filter

Original image Transformed image
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Wet filter

Original image Transformed image




Results of wetnhess rating
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Transparent Liquid
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Seeing liquid from image deformation Ay

Kawabe, Maruya, & Nishida (2015, PNAS)




Spatiotemporal deformation frequency
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When is image deformation effective?
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When is image deformation effective?
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When is image deformation effective?
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Y14+ =2w P LY IHK(Bimber & lwai, 2008;
Shimazu, Iwai & Sato, 2011)
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Liu, Ozay, Okatani, preparation for submission

Publication Low level features High level feat Classifier Recognition
accuracy
Liu+2010 |[SIFT, color, curvature, BoF LDA 44.60
edge-ribbon etc.
Hu+2011 |Kernel descriptors(five) |Efficient match |S\VM 54.00
kernel
Timofte BIFs(Basic Image SPM-like + CRC 55.78
Features) Comparative Collaborative
+2012 reasoning I(Representation
Classifier)
Sharan SIFT, color, curvature, BoF SVM 60.6
+2013 edge-robbon etc.
) Human ? ? 84.9
(Mechanical Turk)
Cimpoi Deep & & 82.5+15
+2015 CNN(VGG-19layers)
Ours Ensemble of multiple & Hierarchical 84.3+19
(preparation for |D€epP CNNs sparse decision
submission) fusion




CNN-based texture synthesis

Gatys, L. A., Ecker, A. S., & Bethge, M. (201D5).
Texture synthesis and the controlled generation of
natural stimuli using convolutional neural networks.

arXiv.org.

identify processing stages in the ventral stream generate stimuli from CNN
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CNN-based texture editing A
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Style Reconstructions |
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Convolutional Neural Network

Content Reconstructions

Gatys, L. A, Ecker, A. S., & Bethge, M. (2015). A Neural Algorithm of Artistic Style,
NTT arxlv] 50806576 [CSCV],-I _'I(@).yright©2014 NTT corp. All Rights Reserved. 42


http://arxiv.org/abs/1508.06576
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