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im = cv2.1mread('colosseum.jpg’, cv2.IMREAD GRAYSC/

Lk \
im = im.astype(float)/255 27 f_'i(/f }Z‘-g}‘&,
sigma = 10

width = 2*sigma*3+1

f = cv2.getGaussianKernel(width, sigma)
f=f@fT '
f=np.pad(f, ((0, im.shape[0] - width), (0, im.shape[|] - width)))

f = np.roll(f, shift=-3*sigma, axis=(0, 1))

im_dft = np.fft.fft2(im, 1im.shape)
f dft = np.fft. fft2(f, im.shape)

im_f dft=1m dft * f dft
im_f = np.real(np.fitafft2(im_f dft))

im_f = cv2.normalize(im_f, None, 0, 255,
cv2.NORM_ MINMAX, dtype=cv2.CV_8U) |
cv2.mshow('Frequency Domain Filtering', im_f), cv2.waitKey(0)
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im = cv2.1mread('colosseum.jpg’, cv2.IMREAD GRAYSCALE) i
- 1m = im.astype(float)/255 ‘

sigma =

width = 2*sigma*3+

f = cv2.getGaussianKernel(width, sigma)

f=f@ T

f = np.pad(f, ((0, im.shape[0] - width), (0, im.shape[ 1] - width)))
f = np.roll(f, shift=-3*s1gma, axis=(0, 1))

im_dft = np.fft.fft2(1im, 1m.shape)
f dft = np.fit. {1t2(f, 1im.shape)

im f dft=1m dft * f dft
im_f = np.real(np.fit.ifft2(im _{ dft))
im_f = cv2.normalize(im_f
cv2.NORM MINMAX, dtype=cv2.CV_8U)
cv2.1mshow( im_f), cv2.waitKey(0)
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- width = 2*sigma*3+1

f = cv2.getGaussianKernel(width, sigma)
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im = cv2.1mread( cv2.IMREAD GRAYSCALE)
im = 1m.astype( )/

sigma =

width = 2*sigma*3+

f = cv2.getGaussianKernel(width, sigma)

f=f@fT

f=np.pad(f, ((0, im.shape[0] - width), (0, im.shape[ ] - width))) l
f = np.roll(f, shift=-3*s1gma, axis=(0, 1))

im_dft = np.fft.fft2(1im, 1m.shape)
f dft = np.fit. {1t2(f, 1im.shape)
im_f dft=1im dft * f dft
im_f = np.real(np.fit.ifft2(im _{ dft))
im_f = cv2.normalize(im_f
cv2.NORM MINMAX, dtype=cv2.CV_8U)
cv2.1mshow( im_f), cv2.waitKey(0)
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im = cv2.1mread('colosseum.jpg’, cv2.IMREAD GRAYSCALE)
im = im.astype(float)/255 J

sigma = 10

width = 2*sigma*3+1
f = cv2.getGaussianKernel(width, sigma) ‘,
f=f@fT '
f=np.pad(f, ((0, im.shape[0] - width), (0, im.shape[|] - width)))
f = np.roll(f, shift=-3*sigma, axis=(0, 1)) !

im_dft = np.fft.fft2(im, 1im.shape)
f dft = np.fft. fft2(f, im.shape)

im_f dft=1im dft * f dft
im_f = np.real(np.fitafft2(im _{ dft))

im_f = cv2.normalize(im_f, None, 0, 255, |
cv2.NORM MINMAX, dtype=cv2.CV_8U) \

cv2.1mshow('Frequency Domain Filtering', im _f), cv2.waitKey(0) I










1m = cv2.1mread( cv2.IMREAD GRAYSCALE)
1m = 1m.astype( )/

sigma = 10

width = 2*sigma*3+1

f = cv2.getGaussianKernel(width, sigma)

f=f@fT

f=np.pad(f, ((0, im.shape[0] - width), (0, im.shape[|] - width)))
f = np.roll(f, shift=-3*sigma, axis=(0, 1))

im_dft = np.fft.fft2(im, 1m.shape)
f dft = np.fft. fft2(f, 1im.shape)

im f dft=1m dft * { dft
im_f = np.real(np.fit.ifft2(im _{ dft))

im_f = cv2.normalize(im_f
cv2.NORM MINMAX, dtype=cv2.CV_8U)
cv2.1mshow( im_f), cv2.waitKey(0)
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1m = cv2.1mread( cv2.IMREAD GRAYSCALE)
1m = 1m.astype( )/

sigma = 10

width = 2*sigma*3+1

f = cv2.getGaussianKernel(width, sigma)

f=f@fT

f=np.pad(f, ((0, im.shape[0] - width), (0, im.shape[|] - width)))
f = np.roll(f, shift=-3*sigma, axis=(0, 1))
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im f dft=1m dft * { dft
im_f = np.real(np.fit.ifft2(im _{ dft))

im_f = cv2.normalize(im_f
cv2.NORM MINMAX =cv2.CV _8U)
cv2.1mshow( im_f), cv2.waitKey(0)
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1m = cv2.1mread( cv2.IMREAD GRAYSCALE)
1m = 1m.astype( )/

sigma = 10

width = 2*sigma*3+1

f = cv2.getGaussianKernel(width, sigma)

f=f@fT

f=np.pad(f, ((0, im.shape[0] - width), (0, im.shape[|] - width)))
f = np.roll(f, shift=-3*sigma, axis=(0, 1))
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im f dft=1m dft * { dft
im_f = np.real(np.fit.ifft2(im _{ dft))

im_f = cv2.normalize(im_f
cv2.NORM MINMAX =cv2.CV _8U)
cv2.1mshow( im_f), cv2.waitKey(0)



im = cv2.1mread( cv2.IMREAD GRAYSCALE)
im = 1m.astype( )/

sigma =

width = 2*sigma*3+

f = cv2.getGaussianKernel(width, sigma)

f=f@ T

f = np.pad(f, ((0, im.shape[0] - width), (0, im.shape[ 1] - width)))
f = np.roll(f, shift=-3*s1gma, axis=(0, 1))

im_dft = np.fft.fft2(im, 1im.shape)
f dft = np.fft. fft2(f, im.shape)

im f dft=1m dft * f dft
im_f = np.real(np.fit.ifft2(im _{ dft))
im_f = cv2.normalize(im_f
cv2.NORM MINMAX, dtype=cv2.CV_8U)
cv2.1mshow( im_f), cv2.waitKey(0)
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im = cv2.1mread( cv2.IMREAD GRAYSCALE)
im = 1m.astype( )/

sigma =

width = 2*sigma*3+

f = cv2.getGaussianKernel(width, sigma)

f=f@ T

f = np.pad(f, ((0, im.shape[0] - width), (0, im.shape[ 1] - width)))
f = np.roll(f, shift=-3*s1gma, axis=(0, 1))

im_dft = np.fit.1ft2(im, 1im.shape)
f dft = np.fit. fR2(F, imshape) ~ DFT

im f dft=1m dft * { dft
im_f = np.real(np.fit.ifft2(im _{ dft))

im_f = cv2.normalize(im_f

cv2.NORM MINMAX, dtype=cv2.CV_8U)
cv2.1mshow( im_f), cv2.waitKey(0)
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im = cv2.1mread('colosseum.jpg’, cv2.IMREAD GRAYSCALE)
im = im.astype(float)/255 J

sigma = 10
width = 2*sigma*3+1
f = cv2.getGaussianKernel(width, sigma)

f=f@fT :
f=np.pad(f, ((0, im.shape[0] - width), (0, im.shape[|] - width)))
f = np.roll(f, shift=-3*sigma, axis=(0, 1)) '

im_dft = np.fft.fft2(im, 1im.shape)
f dft = np.fft. fft2(f, im.shape) t

im_f dft=1m dft * f dft
im_f = np.real(np.fitafft2(im _{ dft))

im_f = cv2.normalize(im_f, None, 0, 255,
cv2.NORM MINMAX, dtype=cv2.CV_8U) |
cv2.imshow('Frequency Domain Filtering', im_{), cv2.waitKey(0)
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im = cv2.1mread( cv2.IMREAD GRAYSCALE)
im = 1m.astype( )/

sigma =

width = 2*sigma*3+

f = cv2.getGaussianKernel(width, sigma)

f=f@ T

f = np.pad(f, ((0, im.shape[0] - width), (0, im.shape[ 1] - width)))
f = np.roll(f, shift=-3*s1gma, axis=(0, 1))

im_dft = np.fft.fft2(1im, 1m.shape)
f dft = np.fit. {1t2(f, 1im.shape)
im_f dft=1im dft * f dft
im_f = np.real(np.fft.ifft2(im_f dft)) JEDFT |
im_f = cv2.normalize(im_f

cv2.NORM MINMAX, dtype=cv2.CV_8U)
cv2.1mshow( im_f), cv2.waitKey(0)
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im = cv2.1mread( cv2.IMREAD GRAYSCALE)
im = 1m.astype( )/

sigma =

width = 2*sigma*3+

f = cv2.getGaussianKernel(width, sigma)

f=f@ T

f = np.pad(f, ((0, im.shape[0] - width), (0, im.shape[ 1] - width)))
f = np.roll(f, shift=-3*s1gma, axis=(0, 1))

im_dft = np.fft.fft2(1im, 1m.shape)
f dft = np.fit. {1t2(f, 1im.shape)

im f dft=1m dft * { dft
im_f = np.real(np.fit.ifft2(im _{ dft))

im_f = cv2.normalize(im_f, None, 0, 255, |
cv2.NORM MINMAX, dtype=cv2.CV_8U)
cv2.imshow('Frequency Domain Filtering', im_f), cv2.waitKey(0) f
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im = cv2.1mread('colosseum.jpg’, cv2.IMREAD GRAYSC/

Lk \
im = im.astype(float)/255 27 f_'i(/f }Z‘-g}‘&,
sigma = 10

width = 2*sigma*3+1

f = cv2.getGaussianKernel(width, sigma)
f=f@fT '
f=np.pad(f, ((0, im.shape[0] - width), (0, im.shape[|] - width)))

f = np.roll(f, shift=-3*sigma, axis=(0, 1))

im_dft = np.fft.fft2(im, 1im.shape)
f dft = np.fft. fft2(f, im.shape)

im_f dft=1m dft * f dft
im_f = np.real(np.fitafft2(im_f dft))

im_f = cv2.normalize(im_f, None, 0, 255,
cv2.NORM_ MINMAX, dtype=cv2.CV_8U) |
cv2.mshow('Frequency Domain Filtering', im_f), cv2.waitKey(0)
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Hybrid images

Aude Oliva”
MIT-BCS

Antonio Torralba®
MIT-CSAIL

Philippe. G. Schyns#
University of Glasgow

Figure 1: A hybrid image is a picture that combines the low-spatial frequencies of one picture with the high spatial frequencies of another
picture producing an image with an interpretation that changes with viewing distance. In this figure, the people may appear sad, up close, but

step back a few meters and look at the expressions again.

Abstract

We present hybrid images, a technique that produces static images
with two interpretations, which change as a function of viewing
distance. Hybrid images are based on the multiscale processing of
images by the human visual system and are motivated by masking
studies in visual perception. These images can be used to create
compelling displays in which the image appears to change as the
viewing distance changes. We show that by taking into account
perceptual grouping mechanisms it is possible to build compelling
hybrid images with stable percepts at each distance. We show ex-
amples in which hybrid images are used to create textures that be-
come visible only when seen up-close, to generate facial expres-
sions whose interpretation changes with viewing distance, and to
visualize changes over time within a single picture.

Keywords: Hybrid images, human perception, scale space

in which the faces displayed different emotions. High spatial fre-
quencies correspond to faces with “sad” expressions. Low spatial
frequencies correspond to the same faces with “happy” and “sur-
prise” emotions (i.e., the emotions are, from left to right: happy,
surprise, happy and happy). To switch from one interpretation to
the other one can step away a few meters from the picture.

Artists have effectively employed low spatial frequency manipu-
lation to elicit a percept that changes when relying on peripheral
vision (e.g., [Livingstone 2000; Dali 1996]). Inspired by this work,
Setlur and Gooch [2004] propose a technique that creates facial im-
ages with conflicting emotional states at different spatial frequen-
cies. The images produce subtle expression variations with gaze
changes. In this paper, we demonstrate the effectiveness of hybrid
images in creating images with two very different possible interpre-
tations.

Hybrid images are generated by superimposing two images at two
different spatial scales: the low-spatial scale is obtained by filtering
one image with a low-pass filter; the high spatial scale is obtained

SIGGRAPH, 2006
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Pixel Recursive Super Resolution

Ryan Dahl * Mohammad Norouzi Jonathon Shlens
Google Brain

{rld,mnorouzi, shlens}@google.com

Abstract

8 x 8 input 32x 32 samples  ground truth

Super resolution is the problem of artificially enlarging a
low resolution photograph to recover a plausible high res-
olution version. In the regime of high magnification fac-
tors, the problem is dramatically underspecified and many
plausible, high resolution images may match a given low
resolution image. In particular, traditional super resolution
techniques fail in this regime due to the multimodality of the
problem and strong prior information that must be imposed
on image synthesis to produce plausible high resolution im-
ages. In this work we propose a new probabilistic deep net-
work architecture, a pixel recursive super resolution model,
that is an extension of PixelCNNs to address this problem.
We demonstrate that this model produces a diversity of plau-
sible high resolution images at large magnification factors.
Furthermore, in human evaluation studies we demonstrate
how previous methods fail to fool human observers. How-
ever; high resolution images sampled from this probabilistic
deep network do fool a naive human observer a significant
[fraction of the time.

Figure 1: Illustration of our probahilictic nivel ===

1. Introduction 2017
IEEE International Conference on Computer Vision (lCCV),




del that
hancing
respond
odeling
°nt con-
details—
0 repre-
‘ly mod-
solution
ut. We
g prior
r with a
evalua-
lel look

aseline.

8 X 8 input

32 x 32 samples

ground truth







532 IEEE TRANSACTIONS ON COMMUNICATIONS, VOL. COM-31, NO. 4, APRIL 1983

The Laplacian Pyramid as a Compact Image Code

PETER J. BURT, MEMBER, IEEE, AND EDWARD H. ADELSON

Abstract—We describe a technique for image encoding in which
local operators of many scales but identical shape serve as the basis
functions. The representation differs from established techniques in
that the code elements are localized in spatial frequency as well as in
space.

Pixel-to-pixel correlations are first removed by subtracting a low-
pass filtered copy of the image from the image itself. The result is a net
data compression since the difference, or error, image has low
variance and entropy, and the low-pass filtered image may represented
at reduced sample density. Further data compression is achieved by
quantizing the difference image. These steps are then repeated to
compress the low-pass image. Iteration of the process at appropriately
expanded scales generates a pyramid data structure.

The encoding process is equivalent to sampling the image with
Laplacian operators of many scales. Thus, the code tends to enhance
salient image features. A further advantage of the present code is that
it is well suited for many image analysis tasks as well as for image
compression. Fast algorithms are described for coding and decoding.

IEEE Transactions on Communications, 1983

does not permit simple sequential coding. Noncausal ap-
proaches to image coding typically involve image transforms,
or the solution to large sets of simultaneous equations. Rather
than encoding pixels sequentially, such techniques encode
them all at once, or by blocks.

Both predictive and transform techniques have advantages.
The former is relatively simple to implement and is readily
adapted to local image characteristics. The latter generally
provides greater data compression, but at the expense of
considerably greater computation.

Here we shall describe a new technique for removing image
correlation which combines features of predictive and trans-
form methods. The technique is noncausal, yet computations
are relatively simple and local.

The predicted value for each pixel is computed as a local
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‘/>>> f=(1/16)*np.array([1, 4, 6, 4, 1]) # Binomial filter
':"

>>>tmp = cv2.filter2D(im, -1, f, cv2. BORDER REFLECT)

v >>>1m_s = cv2 filter2D(tmp, -1, £.7T, cv2. BORDER REFLECT)
/>>>1im s =im_s[::2, ::2]

| >>> cv2.imshow('Smooth', im_s), cv2.waitKey(0)
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:f >>>f=(1/16)*np.array([ |, 4, 6, 4, 1]) # Binomual filter
tmp = cv2.filter2D(im, -1, {
im_s = cv2.filter2D(tmp, -1, £.T
im s=1m s[::2, ::2]

cv2.1mshow( im_s), cv2.waitKey(0)
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f=(1/16)*np.array([ )
>>> tmp = cv2.filter2D(im, -1, f, cv2. BORDER REFLECT) |
im_s = cv2.filter2D(tmp, -1, £.T )
im s=1m s[::2, ::2]
cv2.1mshow( im_s), cv2.waitKey(0)
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| f=(1/16)*np.array([ D ¢
tmp = cv2.filter2D(im, -1, f ) |
v >>>1m_s = cv2.filter2D(tmp, -1, f. T, cv2.BORDER REFLECT) :‘
im s=1m s[::2, ::2] ]
cv2.1mshow( im_s), cv2.waitKey(0)
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f=(1/16)*np.array([ _ D

p
| >>>tmp = cv2.filter2D(im, -1, f, cv2. BORDER REFLECT) |

\/ >>>1im s =cv2. ﬁlter2D(tmp, I, T, cv2. BORDER REFLECT) *{
im s=1m s[::

cv2.1mshow( —Iﬁ—% 7%;&%% :
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% FIX
f=(1/16)*np.array([ D ¢
tmp = cv2.filter2D(im, -1, f ) |
im_s = cv2.filter2D(tmp, -1, £.T ) ;

>>>im s =im_s[::2, ::7] )

cv2.1mshow( —F%*:f cv2.waitKey(0) |
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% FIX
f=(1/16)*np.array([ D ¢
tmp = cv2.filter2D(im, -1, f ) |
im_s = cv2.filter2D(tmp, -1, £.T ) |

im s =1m_s[::2, ::2] ;

. >>>c¢v2.imshow('Smooth’, im_s), cv2.waitKey(0) )
e e ———— g —




/ >>> f=(1/16)*np.array([1, 4, 6, 4, 1]) # Binomial filter {
| >>> tmp = ev2.filter2D(im, -1, f, cv2. BORDER REFLECT) “
\ >>>im_s = cv2 filter2D(tmp, -1, £ T, cv2. BORDER REFLECT)
f >>>1im s=1im_s[::2, ::2] |

‘l >>> cv2.1mshow('Smooth', im_s), cv2.waitKey(0)




/ >>> f=(1/16)*np.array([|, 4, 6, 4, 1]) # Binomial filter {
| >>>tmp = cv2.filter2D(im, -1, f, cv2. BORDER _REFLECT) E
\ >>>im_s = cv2.filter2D(tmp, -1, £.T, cv2. BORDER_REFLECT) |
f>>>1m s=1m_s[::2, :7] 3

. >>>cv2.imshow('Smooth', im s). cv2.waitKev(0)
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