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IMAGE PROCESSING SYSTEM FOR DOWNSCALING IMAGES
USING PERCEPTUAL DOWNSCALING METHOD

CROSS-REFERENCES TO PRIORBITY AND RELATED APPLICATIONS

{0001] This application claims prionty from and is a non-provisional of U.S. Provisional
Patent Application No. 62/196,640 filed July 24, 2015 cntitled “Perceptuallv Based
Downscaling of Images”. The entire disclosure of application recited above s hereby

meorporated by reference, as if set forth i full in this docoment, for all purposes.

FIELD QF THE INVENTION
[6002] The present disclosure generally relates to tmage processing. The disclosure relates
more particularly to apparatus and technigues for performing downscaling of images wherein

an input image file is processed to generate a downscaled output image file.

BACKGROUND

[3003] Image downscaling is a fundamental operation performed constantly in digital
imaging. The abundance of high resolution capture devices and the varnety of displays with
different resolutions make it an essential component of virtually any application involving
mmages or video. However, this problem has so far received substantially less attention than
other sampling alterations.

{0604} Classical downscaling algorithms aim at minimizing aliasing artifacts by hinearly
filtering the image via convolution with a kemel before subsampling and subsequent
reconstruction, following the sampling theorem [Shannon 1998]. However, along with
aliasing, these strategies also smooth out some of the perceptually important details and
features since the kernels used are agnostic to the image content.

{0005] A solution to this problem is adapting the kernel shapes to local image patches [Kopt
et al. 2013} in the spirit of bilateral filtering [ Tomasi and Manduchi 199€], so that they are
better aligned with the local image features to be preserved. This strategy can significantly
increase the crispness of the features while avoiding ringing artifacts typical for post-
sharpening filiers. However, it still cannot capture all perceptually relevant details, and as a
result, mught distort some of the perceptually important features and the overall lock of the

input image or lead to artifacts such as jagged edges {Kopfetal 2013].
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[8606] Loss of some of the perceptually important features and details stems from the
common shortcoming of these methods that they operate with simple error metrics that are
known to correlate poorly with human perception [Wang and Bovik 2009]. Significant
mmprovements have been obtained for many problems in image processing by replacing these
classical metrics with perceptually based image quality metries [Zhang et al 2012, He et al.
20141

{8607} The standard approach to image downscaling involves himuting the speciral bandwidth
of the input high resohution image by applying a low-pass filter, subsampling, and
reconstructing the result, As is well-known in signal processing, this avoids aliasing in the
frequency domain and can be considered optimal if only smooth image features are desired.
Approximations of the theoretically optimum sinc filter, such as the Lanczos filter, or filters
that avoid nnging artifacts such as the bicubic filter are typically used n practice [Mitchell
and Netravali 1988}, However, these filiers often result in oversmoothed images as the
filicring kernels do not adapt to the image content. The same s true for more recent image
mterpolation techniques [ Thévenaz et al. 2000; Nehab and Hoppe 20111

{0008] Recently, Kopf et al. [2013] showed that significantly better downscaling results with
crisper details can be obtained by adapting the shapes of these kemels to the local input
image content. Since the kernels better align with the features in the input image, they capture
small scale details when present. However, the method does not take perceptual importance
of the features mto account, resulting in loss of apparent details and henee leading to a rather
abstract view of the input image. Indeed, the method 1s shown to provide excellent resuits for
generating pixel-art images [Kopfet al. 20131

{8609} Improvements in this image processing are desirable, 1n that they can reduce the
amount of computing effort necded to obtain pleasing downsealed tmages.

References

[6019] BANTERLE, F, ARTUSL A, AYDIN, T, DIDYK, P, EISEMANN, E.,
GUTIERREZ, . MANTIUK, R and MYSZKOWSK], K. 2011, Meltudimensional image
retargeting. o ACM SIGGRAPH Asia 2011 Courses, ACM, ACM SIGGRAPH Asia.

{6011} BONNIER, N, SCHMITT, F., BRETTEL. H., and BERCHE, §. 2006, Evaluation of
spatial gamut mapping algorithms. In Proc. 14th Color Imag. Conf., 56-61.

[6612] BRUNET, D, VRSCAY, E., and WANG, 7. 2010, Structural sinularity-based
approximation of signals and tmages using orthogonal bases. In Image Analvsis and
Recognition, A. Campilho and M. Kamel, Eds , vol. 6111 of Lecture Notes in Computer

Science. Springer Berlin Heidelberg, 11-22.

[\]



WO 2017/017584 PCT/IB2016/054404

[8613] BRUNET, D, VRSCAY  E , and WANG, Z. 2012. On the mathematical properties of
the structural simiarity index. Image Processing, IEEE Trans. on 21, 4 (April), 1488-1499.
[6614] BRUNET, D. 2012, A Study of the Structural Sinularity Image Quality Measure with
Applications to Image Processing. PhD) thesis, University of Waterloo.

5 {0015] CHAL L. SHENG, Y, and ZHANG, 1. 2014, S5IM performance himitation of lincar
equalizers. In Acoustics, Speech and Signal Processing (FCASSP), 2014 [EEE Intemational
Conference on, 12201224
[68i6] CHANNAPPAYYA, S, BOVIK, A, and HEATH, R. 2006. A lincar estimator
optimized for the structural similarity index and its application to image denoising. fn Image

10 Processing, 2006 IEEE International Conference on, 2637-2640.

[0017] CHANNAPPAYYA, S, BOVIE, A, CARAMANIS, C., and HEATH, R. 2008.
S5IM-optimal linear image restoration. In Acoustics, Speech and Signal Procvessing
{ICASSP), 2008, IEEE International Conference on, 765768,

[0018] CHANNAPPAYYA, S, BOVIK, A, and HEATH, R. 2008, Rate bounds on SS5IM

15 mdex of quantized images. Image Processing, IRFE Trans. on 17, 9 {Sept), 16241639,
{0019] CHANNAPPAYYA, 5. 5, BOVIK, A. C, CARAMANIS, C,and JR, R W. H.
2008, Design of linear cgualizers optimized for the stractural similarity index. fmage
Frocessing, THEE Trans. on 17,6, 857-872.

[6320] CHEN, G-H., YANG, C-L., and XIE, $.-L. 2006. Gradient-basced structural

20 sunilanty for image quality assessment. In Image Processing, IEFE International Conference
on, 2929-2932,

{06621} DEMIRTAS, A, REIBMAN, A, and JAFARKHANI H. 2014, Full-reference quality
estimation for images with different spatial resolutions. Image Frocessing {EEE frans. on
23,5 (May), 2069 2080,

25 [0022] DIDYK, P, RITSCHEL, T, FISEMANN, E, and MYSZKOWSKI, K. 2012
Perceptual Digital Imaging: Methods and Applications. CRC Press, ch. Exceeding Physical
Limitations: Apparent Display Qualities.

{0023] DONG, J.. and YE, Y. 2012, Adaptive downsampling for high-defiution video
coding. In ICIF 2072, 2925-2928.

30 {0024} GERSTNER, T., DECARLO, D, ALEXA, M., FINKELSTEIN, A, GINGOLD, Y,
and NEALEN, A, 2012, Pixelated image abstraction. In NPAR 2012, Proc. of the 10th
International Symposinm on Non-photorealistic Animation and Rendering.

[060625] HE L, GAO, F., HOU, W, and HAQ, L. 2014, Objective image quality assessment;
A survey. Int. J Comput. Math 91, 11 (Nov .}, 2374-2388,



10

20

WO 2017/017584 PCT/IB2016/054404

[80626] KOPF, J SHAMIR, A and PEERS, P. 2013, Content-adaptive image downscaling.
ACM Trans. Graph. 32,6 (Nov.), 173:1- 1738,

{0027 KRAWCZYK, G, MYSZKOWSKI, K., and SEIDEL, H.-P. 2007 Contrast
restoration by adaptive countershading. In Proc. of Eurographics 2007, Blackwell, vol. 26 of
Computer Graphics Forum.

[0028] LISSNER, |, PREISS, J, URBAN, P, LICHTENAUER, M. 8., and ZOLLIKER, P.
2013, Image-difference prediction: From grayscale to color. fmage Processing, IEEL Trans.
on 22,2, 435446,

10029] LIU, T, YUAN, Z., SUN, J., WANG, J., ZHENG, N, TANG, X, and SHUM, H.-Y.
2011, Leaming to detect a salicnt object. Partern Analysis and Machine Intelligence, IFEE
Trans. on 33, 2 (Feb), 353-367.

[6330] MITCHELL, D. P, and NETRAVALL A N. 1988, Reconstruction filters in
computer-graphics. In Proc. of SIGGRAPH 88, ACM, New York, NY, USA, 221228,
[6631] NEHAB, B, and BOPPE, H. 2011, Generalized sampling in computer graphics.
Tech. Rep. MSR-TR-2011-16, Febraary.

10632] CGAWA, T, and HASEYAMA, M. 2013, Image inpainting based on sparse
representations with a perceptual metric. FURASIF Jowrnal on Advances in Signal
Frocessing 2013, 1.

{8033] PANG, W-M., QU Y., WONG, T.-T,, COHEN-OR, D, and HENG, P.-A. 2008
Structurc-aware halfioning. ACM Trans. Graph. 27,3 {Aug.), 89:1-89:8,

{6034} POLESEL, A, RAMPONL G, and MATHEWS, V. 1. 1997 Adaptive unsharp
masking for contrast enhancement. In JCIP "973-Volume Set-Volume I - Volume 1 TEEE
Computer Society, Washington, DBC, USA, 267

{0035] REHMAN, A, WANG, Z., BRUNET, D, and VRSCAY, E. 2011. SSIM-inspired
mmage denoising using sparse representations. In deoustics, Speech and Signal Processing
(FCASSP), 2011 IEEE International Conference on, 11211124,

16036] RITSCHEL, T, SMITH, K., IHRKE, M., GROSCH, T., MYSZKOWSKI, K, and
SEIDEL, H.-P. 2008, 3D Unsharp Masking for Scene Coherent Enhancement. ACM Trans.
Graph. (Proc. of SIGGRAPH 2008} 27, 3.

{8037] SHANNON, C. 1998, Communication in the presence of noise. Proc. of the IEEE 86,
2 (Feb), 447-457.

[B638] SHAQ, Y, SUN, F., LL H, and LIU, Y. 2014. Stractural similanity-optimal total

variation algorithm for image dencising. In Foundations and Practical Applications of



WO 2017/017584 PCT/IB2016/054404

Cognitive Systems and Information Processing, vol. 215, Springer Berlin Heidelberg, 833
843
[6639] SILVESTRE-BLANES, J. 2011 Structural simifanty image quality reliability:
Deternuning parameters and window size. Signal Processing 91, 4, 1012 - 1020
5 j6048] SMITH, K, LANDES, P-E., THOLLOT, J, and MYSZKOWSKL K. 2008.

Apparent grevscale: A straple and fast conversion to percepiually accurate images and video.
Computer Graphics Forum {(Proc. of Eurographics 2008} 27, 2 (APR).
[8641] TH'EVENAZ P BLU T, and UNSER, M. 2000. Interpolation revistted. Medical
Imaging, IEEE Trans. on 19,7, 739-758.

16 {0042] TOMASE C and MANDUCHIL R. 1998, Bilateral filtering for gray and color
wmages. In Computer Vision, 1995. Sixth International Conference on, 839-846,
{0043] TRENTACOSTE, M., MANTIUK, R, and HEIDRICH, W. 201 1. Blur-Aware Image
Downsizing. fn Proc. of Furographics.
[00644] WANG, 7., and BOVIK, A. 2009. Mean squared error; Love it or leave it7 A new

15 look at signal fidelity measuares. Signal Processing Magazine, IEEE 26, 1 {Jan}, 98-117.
{0645] WANG, Z., and LI Q. 2007, Video quality assessment using a statistical model of
buman visual speed perception. J. Upr. Soc. Am. A4 24, 12, B61B69.
[3046] WANG, Z., BOVIK, A, SHEIKH, H., and SIMONCELLL E. 2004. Image quality
assessment: from error visibility to structural sumilanity. Image Processing, IEEE Trans. on

200 13,4 (Apnl), 600- 612
[0047] WANG, §., REHMAN, A, WANG, Z., MA, 5. and GAQ, W. 2011, Rate-AATM
optimization for video coding. In Acoustics, Speech and Signal Processing (ICASSP), 2011
{ERE Infernational Conference on, 833436,
[0048] WU, X, ZHANG, X, and WANG, X 2009, Low bit-rate image compression via

25 adaptive down-sampling and constramed least squares upconversion. Trans. Jmg. Proc. 18,3
(Mar.), 552-561.
100649] YEGANEH, H. 2014, Cross Dynamic Range and Cross Resolution Objeciive Image
Quality Assessment with Applications. PhD thesis, University of Waterloo.
[0050] ZHANG, Y, ZHAO, D, ZHANG, J., XIONG, R., and GAO, W. 2011, Interpolation-

30 dependent image downsamphing. fmage Frocessing, IEEE Trans. on 20, 11 (Nov), 3291~
3296,
[0051] ZHANG, L., ZHANG, L, MOU, X, and ZHANG, D. 2012, A comprchensive

evaluation of full reference mage gquality assesament algorithms. In 7CIP 2072, 14771480,



WO 2017/017584 PCT/IB2016/054404

[8652] ZHOU, F, and LIAQG, Q. 2015, Single-frame image super-resolution mspired by
perceptual criteria. fmage Processing, IKT 9,1, 111

SUMMARY
[6653]  An image processor inputs a first image and outputs a downscaled second image
5 by upscaling the second image to a third image, wherein the third image 1s defined by a third

set of pixels dertved from the second set of pixels establishing a third image size substantially
the same size as the first image size with a third resolution, associating individual pixels in
the second tmage with a corresponding group of pixels from the third set of pixels, sampling
a first image arca at a first location of the first set of pixels 1o generate a first image sample,

10 sampling a second image area of the third set of pixels corresponding to the first image area
location and size to generate a second image sample, measuring the similarity between the
first image arca and the second image area by processing the first image sample and the
second image sample to generate a perceptual image value, recursively adjusting the values
of third set of pixels until the image perception valug matches a perceptual standard value

15 within a pre-detined threshold, and adjusting individual pixel values in the sccond image o a
representative pixel value of each of the corresponding group of pixels.
[08834] The following detailed description together with the accompanving drawings will

provide a better understanding of the nature and advantages of the present imvention.

BRIEF BESCRIPTION OF THE DRAWINGS

20 [0655] Various embodiments in accordance with the present disclosure will be described
with reference to the drawings, in which:
[08636] FIG. 1 dlustrates artifacts of downscaling.
10657) FIG. 2 dlustrates various approaches to downscaling.
[8658] FIG. 3 illustrates a process an image downscaling engine mught use to perform a

25 piecewise constant interpolation.

10659] FIG. 4 illustrates a process the engine performs to compute various values.
{0068] FIG. 5 tllustrates post-sharpening atier filtering.
[B061] FIG. 6 tllustrates the effects of the patch size on downscaled images.
[08062] FIG. 7 dlustrates results of deviations.

36 j8663) FIG. 8 dlustrates an example image optimized over different patches.
[0664] FIG. 9 illustrates a downscaled edge of a picture frame.
[8663] FIG. 10 illustrates other aspects of image processing.
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[8066] FIG. 11 illustrates other aspects of image processing,

18667} FIG. 12 iHustrates user study results.

[0068] FIG. 13 illustrates test rosults.

[8069] FIG. 14 illustrates image smoothing.

10670) FIG. 15 ihhustrates results of downscaling.

[6671] FIG. 16 illustrates examples of images used for the user study.

[8672] FIG. 17 examples ot downscaling with adaptively adjusting local details.

[8673] FIG. 18 is a block diagram that tllustrates a computer system upon which an
embodiment of the invention may be implemented.

10 [06074] FIG. 1915 a stmplified functional block diagram of a storage device having an

application that can be accessed and executed by a processor in a computer system with

which an embodiment of the invention may be implemented.

108675] FIG. 20 ilhustrates an example of a downscaling engine that takes in an input image

file and outputs an output image file using processes described herem.

15 DETAILED DESCRIPTION

[3076] In emboduments described herein, an image processing engine inputs an image,
processes it and outputs an output image where the output image 18 of smaller resolution than
the input image and does so in a perceptually pleasing way, 1.¢., minimizing artifacts.
[8677] FIG. 1 dlustrates some such artifacts. In cach of FIG. 1A and 1B, there is an mput
20 image on the keft and four results of dowascaling on the right. The subsampling cutput
images, bicubic output images and content-adaptive output images use conventional
approaches, whereas the perceptual output images use novel and improved technigues
described herein in more detail.

[8678] The subsampling output tmage might be produced using classical downscaling

N
W

algorithms that lmearly filter the image via convobition with a kernel before subsampling and
subsequent reconstruction, but can result in smoothing out some of the perceptually important
details and features since the kernels used are agnostic to the image content.

{8679} Kernel shapes can be non-agnostic to local image patches and increase the crispness
of the teatures while avoiding ringing artifacts typical for post-sharpening filters, but still

36 wmight not capture all perceptually relevant details, and as a result, maght distort some of the
perceptually important features and the overall look of the mmput image, as i the content-

adaptive output images. The bicubie output 1mages also end up with undesirable artifacts.

-~
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{8080} As explained in more detail below, the perceptual image preserves perceptually
important features and the overall lock of the ongimal images. A perceptual image quality
measure can be used in the processing, instead of standard metrics.

[B081] Loss of some of the perceptually important features and details stems from the

5 common shortconmung of these methods that they operate with simple error metrics that are

known to correlate poorly with human perception [Wang and Bovik 2009]. Signiticant
mmprovements have been obtained for many problems 1n image processing by replacing these
classical metrics with perceptually based image guality metrics [Zhang et al. 2012; He et al.
2014].

16 {0082] A standard approach to image downscaling mvolves limiting the spectral bandwidth
of the mput high resolution image by applving a low-pass filter, subsampling, and
reconstructing the result. As is well-known in signal processing, this avoids aliasing in the
frequency domatn and can be considered optimal if only smooth image features are desired.
Approximations of the theorctically optimum sinc filier, such as the Lanczos filter, or filters

15 that aveid ringing artifacts, such as the bicubic filter, are typically ased i practice. However,
thege filters often result in oversmoothed mmages as the filtering kernels do not adapt to the
mage content.

[B083] For natural tmages, the methods described herein can perform significantly betier and
provide crisper depictions of a high resolution input image by incorporating a perceptual

20 metric. These methods also can provide better spatio-temporal consistency with less apparent
aliasing artifacts, and run orders of magnitude faster with a simple and robust
nplementation, thes saving on computing resourecs.

{8684} Downscaling operators are also designed for other related problems. Several
algorithms carcfully tune the downscaling operators and filters to the interpolation method

25 used for subsequent upscaling. Those methods do not reallv address perceptual quality of the
downscaled nmage itself. Thombnail generation tries to preserve the mmperfections, in
particudar blurriness in the original images for accurate quality assessment from the
downscaled images. {n conirast, the downscaling problem can be regarded as selectively
adjusting the blur to preserve the important details and overall look of an input image.

3¢ Another related set of algorithms deals with retargeting images by changing the aspect ratios
of input images [Banterle et al. 2011}, while preserving important parts such as foreground
objects m the mage by carcfully modifving the image content.

[3885] The embodiments described herein are able to keep the image content close to that of

the oniginal image and target resolution reductions far more than the retargeting algorithms
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are normally designed for. Image abstraction methods can be used to gencrate artistic
depictions of an mput image such as via pixel art {Gerstner et al. 2012] by reducing the
resolution as well as the color paletic. The embodiments described herein provide better
results by targeting realistic depictions of the input image.

{0086] As explained herein, the image processing cngine can treat image downscaling as an
opitmization problem with SSIM as the error metric. This can provide a significant advantage
for preserving perceptually important features. Also, a closed-form solution can be derived
for the downsealing problem. This provides a perceptually based method for downscaling
images that provides a better apparent depiction of the input tmage. Image downscaling can
be treated as an optinuization problem where the difference between the input and output
images is measured using a perceptual image quality metric. The downscaled images retain
perceptually important features and details, resulting in an accurate and spatio-temporally
consistent representation of the high resolution imput. Our downscaling method preserves
percoptually important fine details and features that cannot be captured with other metrics,
resulting in crigper images that provide a better depiction of the original image.

{8087] The image processing engine can derive the solution of the optimization problem in
closed-form, which Icads to a simple, cfficient and paraliclizable implementation with suos
and convolutions. The process has computer run times similar to linear filtering and 1s orders
of magmitude faster than the state-of-the-art for image downscaling. Herein, validation of the
cffectivencss of the tochnigue is provided with test results from extensive tests on many
mmages, video, and by results of a user study, which mdicates a clear preference for the results
of the processes described herein,

{8688} The downscaling problem s treated as an optimization that solves for the downscaled
output image given the mput image. The error between the two images is measured using the
structural similarity (SSIM) index [Wang et al. 2004]. The use of SS8IM m optimization
problems has been hindered by the resulting non-linear non-convex error fumctions [Brunet et
al. 20121, However, as explained herein, for the downscaling problem, it is possible to derive
a closed-form solution to this optimization. The solution leads to a non-linear filter, which
mvolves computing local lummance and contrast measures on the original and a smoothed
version of the input image. Although the filter is seemingly different than SSIM without any
covarance term, it maximizes the mean SSIM between the original and downscaled images.
[8089] The downscaled images do not exhibit disturbing aliasing artifacts for natural images
and are spatio-temporally more coherent than methods based on kemel optinmizations [Kopf

et al. 2013} This allows the engine to apply the technique to video downsealing as well. The
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resulbting process has a very simple, efficient, and parallelizable implementation with sums
and convolutions. It thus has a computational complexity similar to the classical filtering
methods, and runs orders of magnitude faster than the state-of-the-art {Kopfet al. 20131
[B090] Standard error metrics such as the mean sguared error is well-known {o correlate
5  poorly with human perception when measuring image differences {Wang and Bovik 2009,
Instead, for the assessment of the quality of images and video, a variety of perceptually based
mmage quality metrics has been proposed. Full reference quality metrics refer to the
assumption that an input image can be compared to an available reference image for quality
assessment. For the downscaling problem, the input image is the reference, and the
10 downscaled output is the image to be assessed.
[8091] The engine uses the structural sinulanty (S8IM) index [Wang et al. 2004, which 1s
one of the most widely used and successful full reference image quality metrics [Brunet ¢t al.
20121, but other metrics might be used as well or instead. SSIM represents a matching score
between two mmages by local luminance, contrast, and structure comparisons. Given a high
15 resolution input image /4, the engine seeks to find the down-scaled output image D that 13 as
close as possible to H as measured by the S8IM index. The dissimuitarity measure between
images /A and 1) is denoted d(H, 1), A goal 18 the image * that minimuzes this measure d(#,
). This measure can be obtamed using images that are single-channel images, such that
each pixel of H and D contains a single mumber in the dynamic range [0, 1], and farther
20 assume for simplicity that the width and height of A are downscaled by an integer facior, s, to
produce D. If the actual downscaling factor 1s not an mteger, the engine can preprocess and
upscale the input image by bicubic filtering such that the factor becomes an integer. Simular
approaches can be taken for multi-channel images.
[06092] FIG. 2 illustrates various approaches to downscaling. FIG. 2A is the input image and
25 FIG. 2B illustrates eight examples of cutput mmages, wherein the one m the lower right is
produced by optimizing the perceptual metric. Commonly used filters for downsealing, such
as the box or bicubic filter, result in oversmoothing. Trving to avoid oversmoothing by post-
sharpening the downscaled tmages (Sharpened tmage) or using the Lanczos filter can lead to
ringing artifacts and the small-scale features can still not be recovered. Generalized sampling
3¢ [MNechab and Hoppe 2011} and content-adaptive downscaling [Kopfet al. 2013} can produce
crisper images, but cannot preserve perceptually important details. In contrast to the others,
the by using the perceptual metric, a perceptually optimum image as measured by this metric

is generated.
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[8693] Most image quality assessment measures are not designed to compare images of
different spatial resohitions [Yeganeh 2014}, For images of different resolutions, there are
two common simple approaches: downscaling the higher resolution image, or upscaling the
tower resolution one [Demirtas et al. 2014]. To not lose the mformation present in A, the
engine upscales 1 to form an upscaled image X that has the same dimensiong as H.

[0094] FIG. 3 illustrates a process the engine might use to perform a piccewise constant
interpolation, with cach pixel of D replicated in s~ pixels of X, In the upper left is the input
high resolution tmage (16 by 16 pixels}, the downscaled image D (4 by 4 pixels) in the
center, and its scaled version X (16 by 16 pixels) on the right. Each pixel of 1) is replicated in
16 pixels of X. Also illustrated there are “patch sets.” A patch set, S (5=1. 2, ..., 1) contamns
patches that do not overlap (tiles). In this example, there are 2 by 2 patches on D, so r,=4.
The patch sets are shifted by 4 pixels in X and A which corresponds to a shift of 1 pixel in D
106935] The SSIM index is a local measure of similarity computed between local patches of
mmages. These similarity scores arc then summed for all patches to compute the mean SSIM.
Denoting the {*" patch of image ¥ by P;(X), the downscaling problem can thus be written as
finding the optimum X~ that satisfics Equation 1 for some set, S, of patches with the
constraint that each group of pixels of X that corresponds to a single pixel of D has the same

pixel value.

Y
FAv)

X* = argminy ? p s GEH), Fi (X)) {(Equ. 1)
108696] The pixel values of X do not have tc be constrained to be 1n {0,1] and the optimized D
might contain a small number of pixels negligibly outside of the dynamic range. The shapes
and the set of the patches can be defined in vanous ways, depending on the application
considered {Silvestre-Blanes 2011]. Fora given patch size ), the engine uses the set & of all
possible square patches of width (and height) S\/ﬂ’ﬁ; {excluding the patches not completely
within the image himits}, bat in patch sets such that each patch set S, contains only non-
overlapping patches, and where S is the union of all of the patch sets Sp. The final X* is
computed by averaging the solutions X7 of the problem in Equation 1 for different patch sets.
Since each group of 5 pixels in ¥ actually corresponds to a single pixel in D, integer patch
shifts in D lead to shifts by 5 in / and X The patch sets 5. for a small example image with
7,=4 are shown in the bottom row of FiG. 3. The solution does not deviate much for other
choices of patch sets, with 7, chosen as described heremn.

18697} FIG. 4 illustrates the process the engine performs to compute the various values. Fach

pixel, o, in the output downscaled image patch P(D) is mapped to a set, [, of s” pixels in the
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patches P(X) and P(H). All 57 pixels in I, of P(X) have value ;. Since the patches in S do not
overlap, the pixels of each patch can be optimized independently of the other patches. Hence,
for a patch, £, in S, the optimum patch P*(X) of the image X is given by Equation 2.

P = argaj);}%(r\a d(P(H), P(XY) (Equ. 2}

[0098] The pixels of the patches can be represented by the enginge as stacks on the vectors h
and x. Similarly, the pixels of D that correspond to x can be represented with d, and the set of
pixels in 2(X) that corresponds to the i pixel in the patch in D can be represented by [, as
in FIG. 4. Hence, x=Vd, where the j-th v, 0f Vis 11t x; € [J;, and 0 otherwise. Then, the
above computation could be expressed as in Equation 3.

X = argm}ﬁ‘n dlh,x), x =Vd {Fau. 3)
[80699] The SSIM index 1s computed by multiplying three components corresponding to
leminance, contrast, and covanance based comparisons. The widely used form of S5IM is
given by |Brunet et al. 2012} as in Equation 4, where , = », w;x; denotes the mean,
a2 =3 wi(x; — it,)? the variance, and 0, = ¥, wi{x; — i (hy — piy) the covariance with

weights wy, and x; denoting the {*" component of x.

SSIM (h, X) — (ZupitytCa)(20xp+C2) (Equ 4)

(uitpire)oi+oi+te)

{00180} The values ¢, and ¢, are small constants added to avoid instability. For the
straplicity of the expressions, and since the small values used in practice do not affect results
for the downscaling problem, the constants can be setas o = ¢y = 0. Since x; and h; are in
(0,1}, SSIM{x, h) € [0,1] ltis 1 when X = b, and decreases as the patches become fess
stmilar. Herein, a dissimilanty measure d(h,x) can be defined as 1-55744(h,x).
[061061] The d(,') is not a distance function, and not even convex. Instead of directly
trying to solve the problem in Equation 3, we thus define another problem that is easv to be
solved, by parametrizing the solution to the original problem. Specifically, we fix the mean
i, and vanance g, of X to arbitrary values, leaving only a,,, as the free term in SSIM
{Equation 4}. We thus optimize for ¢, under these constraints to get the optimum for this
subproblem. Fmally, we find the g, and o, that gives the global optimum. As detailed
below, the global optimum can be obtained by setting Y, = g, and 0, = g, and solving
Equation 3.

MR G,y = fhi, O = Oy X = Vd {Equ. 5)
106102]  Note that since X = Vd, the terms i, 7,. and g, can also be expressed in terms of

d. For example, we can write g, = W X = (VW) d = m" d with
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T . . .
m = [}jx;fzn‘ Wy Saen,, wi] Similarly, o2 = d"Md — y2 and 0, = a’d — y, 4, where
M is a diagonal matrix with My; = m;, and a; = 2, ep, wift;. With these substitutions, the
computation in Equation 5 becomes that of Equation 6, the solution of which 1s provided in

2

Equation 7 with [; = a;/m;, and of = 3.7 m{l; = up)*.

5 max a’d, m'd =y, d"Md =gl +o? {(Equ. 6)
df =+~ i), (Equ. 7)

{06103}  See below for discussion of S5IM based optimization and global optimums.
Solutions of optimization problems involving the SSIM index by fixing the mean have been
atilized for other applications, where the optimum is then scarched for using iterative
16 methods {Channappavva et al. 2008a; Ogawa and Hasevama 2013; Shao et al. 2014}
However, closed-form solutions could only be derived for simple image models
[Channappavva et al. 2006; Chai et al. 2014}, or expansions on Fourier type bases [Brunet et
al. 2010]. Although the images / and D, or basis vectors ¥; do not satisfy the properties
required for these solutions, using techniques described herein, a closed-form sohiution can be
15 derived due to the structure of the dowanscaling problem.
{00194} For cach pixel in the output image D, there is an optimum value from cach patch
overlapping that pixel Each of these patches belongs to a different pateh set Sy, The final
value of the pixel is found by averaging these values. The weights, w;, are usually taken from

a Gaussian or constant window [Stlvestre-Blanes 2011, Brunet 2012}, Following the latter,

[}
<

the weights can assumed to be uniformly summing to 1, since patches are rather smail. Then,
the value for the i*® pixel in image D (the / is now defined as a global index in D) is as shown

in Equation 8 where P denote the #, patches overlapping this pixel.

K

e 3 ko Gy i S @
d = ;;Epk Uy + g?z(ii — i {Equ. 8}

{80195} The form of the optimum image in Equation 8 is a non-lincar filter on the wput

25 image H. The filter adapts to the image content in a percepivally optimal way as measured by
the SSIM index. The engine includes means or programming mstructions for implementing
this filter. The construction of the solution makes it clear that it preserves the local
faminance and countrast of the input image # while maximizing local structural similarity.
Although the filter 1s non-linear, it can be implemented with a serics of lincar operations as

30 apparent from Equation 8, as deseribed by the pseudocode presented hereinbelow.
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Discussion and Analvsis

{06106] We can view Equation & as an adaptive unsharp masking filter {Polesel et al. 1997}
applied to the averaged {; vahues, where the sharpening factor depends non-lincarly on the
local image content with the ratio o /o[ of the standard deviations of the input image, and a
filtered version of it. This ratio thus adaptively adjusts the filter using A as the reference
nmage so as to preserve the local features. Unsharp masking combined with pixel-wise
contrast measures extracted from a reference image has previously generated excelient results
for enhancing images generated by tone mapping {Krawcezyk et al. 2007} or color to
grevscale conversion [Smith ot al. 2008], as well as for rendered scenes [Rutschel ot al. 20081,
The §S5IM-optimal filier here leads to a similar term for the downscaling problem.

{00187} FIG. 5 illustrates post-sharpening after filtering. In the top right image, sharpening
resulis in severe ninging and fails to capture the small-scale details in the background. The
Lanczos filter {middle right image) can reduce ringing but still cannot capture the details
well, The method described herein (bottom night image} utilizes the local content in the nput
image to avoid artifacts while preserving details.

[66108] It is well-known that trying to get sharper results by using a post-sharpening step
after filtering, or a filter that generates sharper results by better approximating the sine filter
leads to artifacts when used for image downscaling [Kopfetal 2013]. The methods
described herein avoid such problems and lead to better preservation of image features. Post-
sharpening after filtering leads to severe ringing on the foreground object while tailing to
preserve the contrast in the background. This approach s fundamentally disadvantaged since
the sharpening filter cannot use information from the original high resolution tmage to
enhance the downscaled image. The Lanczos filter reduces the artifacts, but also fails to
preserve the background. The adaptivity of the derived filter in Equation 8 ensures that all
features are preserved while avoiding the ringing artifacts.

[06109] While a number of parameters might be varied, the main free parameter is the
patch size, 7,. In general, determining the patch size for SSIM to best correlate the results
with the response of the human visual svstem is a ditficult problem. However, recent works
contirm that as the image complexity mcreases, the window size should be reduced
[Silvestre-Blanes 2011]. For the downscaling problem, it 1s crucial to capture the local
structures 1n the input image A as well as possible. However, as the downscaling factor s
mcreases, the patch size SV/_?-{; m H also gets bigger. Thus, for our problem, it s preferred to

keep the patch size n, as small as possible, such as n,=4, for a 2 by 2 paich. A similar
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concluston stems from the mterpretation of the filter as an adaptive unsharp mask. The
smoothed image in unsharp masking, corresponding to the averaged means uf of the patches
1 our case, can be made smoother to capture lower frequency bands. However, many lower
bands are already captured in I3, Furthermore, as the paich size gets larger, the ratio of the
standard deviations decrease, leading to less enhancement.

10611¢] FIG. 6 illusteates the offect of the patch size on the dowanscaled images. Increasing
the patch size from left to right shows a loss of small scale features. In these example, from
left to right, the patch sizes are 27, 8%, and 32°. As the patch size increases, small scale
features are lost. In the limit that the whole image s covered by one patch, the downscaled
tmage approaches the filtered image given by {;, since the contrasts o, and g; can be matched
almost exactly .

{06111}  Since the values of the pixels in D are not constrained to lic in {0, 1] in the
opfimization, some pixels nught end up having values outside this dvnamic range. However,
since the mean and standard deviations match for the optimam solution, in practice, the
percentage of these pixels and their distance to the dynamic range is negligible for natural
Hnages.

[B6112] FIG. 7 ilustrates this point. For the upper plots, the percentage of pixel values
ouiside the dynamic range for 3000 random natural images for seven different sizes is shown,
The lower plots show that for each of the input images and sizes, the mean SSIM index and
mean standard deviation between the downscaled 1mage generated using all S, by averaging
and those generated using individual 8;7s, are computed. FIG. 7 shows the histograms of
these values over the same s¢t of images and sizes as in the top plots. Both measurcs show
that optinuizing over different sets does not alter the solution significantly. Working with a
small patch size of 2 by 2, the choice of the patch sets does not lead to a noticeable
difference. The resulting optimized images for different pateh sets §; and thetr mean (the
SSIM-optimal image) are almost identical. In FIG. 7, the distnbutions of the mean $5IM
mndices and mean standard deviations are shown computed between the mean image {our
solution) and the images optimized over different S;’s, for the same set of 3000 images and
seven sizes as above. Both measures mdicate that the resulting tmages are almost identical.
{80113} FIG. 8 illustrates an example image optimized over different 8. The images are
almost identical and differ slightly in some of the patches where the texture has large and

high frequency vanations.
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[86114] For some of the patches, the intensities {; can be constant such that we get o) = 0.
For these cases, there might be no way to match the contrast, as required by the sohution, and
only the mean can be matched. Hence, for a patch with g, < 107, we set the values of the

pixels of the downscaled image w this patch to the mean y;, of the patch.

N

[86115] SSIM 1s defined for images with a single channel, although some works explore
utitizing extracted features [Lissner et al. 2013}, or working m various color spaces |Bonnier
ctal. 2006}, The engine can use the RGB space for all image processing and apply the
downscaling to each channel mdependently.

Results

16 [8#6116] We performed a large number of experiments to validate the practical value of our
method with thousands of images and many different downscaling factors, a detailed

analysis, comparisons to existing methods, and a formal user study.

Downscaline Results and Analvsis

{00117 Gur technigue generates local pixel patterns that form structures reserbling those
15 n the input image, when viewed by a human observer. This effect is most apparent when
there are perceptually important features (as in FIGs. 1, 10), textures (as in FIGs. 15, 16}, or
other small-scale details {as in FiGs. 1, 2, 15, 16, 17} in the mput images. While tryving to
capture as much structure as possible, it also preserves the local contrast and luminance of the
imput image, which makes the overall look of the downscaled 1mage close to the mput {e.g.,
20 FiGs. 1, 16).
{86118} The downscaling process performed by the engine does not significantly alter the
features that are alreadv captured by low-pass filters. This results in less jagged edge artifacts
than previous downscaling methods. For example, FIG. 9 illustrates a downscaled edge of a
picture frame. The input images on the keft and on the right are four output images. From top
25 to bottom of the night side of FIG. 9, the output images arc done by the original image,
bicubic filtering, conteni-adaptive downscaling, and our process, respectively. OQur process
preserves the details better while leading to less jagpy edge effects. Our method performs a
slight enhancement on the edge, resulting in fewer artifacis than with the content-adaptive
method. If some details cannot be captured with the pixel budget in the downscaled 1mage,
30 they are mapped to noise-like structures that resemble those in the mput tmage if viewed at
the native resolution, as opposed to Moiré patterns, as with subsampling.
[06119] FIG. 11 dlustrates this, with the left image being bicubic filtering, the nuddle

mmage being subsampling (to Moir¢ pattems showing), and our result without Moir¢ patterns.
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The method 1s also spatio-temporally consistent, leading to accurate representation of
features, as can be clearly seen in FIGs. 1, nght, and FIG. 10, Classical filtering methods such
as bicubic filtering are also consistent, but fail to generate crisp images. Aligning the kemels
to local image features [Kopfet al. 2013] can generate crisper results, but the resulting

5 kemels can muss or distort some features as i FIG. 10, and small changes in input images are

sometimes amplified, leading to flickering, as might have to be dealt with when downscaling
video. In the sets of three images in the center of FIG. 10, the top is the original image, the
maddle is content-adaptive downscaling [Kopf et al. 2013], and the bottom is our result. The
features are kept intact with our method.

10 [00128] There arc numerous studies on the correlation of the S8IM index with human
perception when used as an image gquality measure {Wang and Bovik 2009]. However, our
particudar problem of downscaling called for a tailored formal user study. The design of cur
user study folows that of the previous study performed by Kopfetal [2013], including the
mmages used and all design choices.

15 (806121} The study i1s based on presenting the participants a large image and two
dowascaled versions of that image. The participant is then asked to select the small image
that she/he thinks represents a better downscaled version of the large image, or indicate no
preference. One of the small images presented for each test 1s computed using our process
described herein and the other by a different process, such as subsampling, the classical box,

20 bicubic, Lanczos filtering, bilateral filtering, generalized sampling [Nehab and Hoppe 20111,
and content-adaptive downscaling [Kopfet al. 2013]. There were 125 participants in the
study.

861221 The 13 natural images used in the study, originally from the MSRA Salient Object
Database [Liu et al. 2011}, are the same as the ones used in the previous study {Kopfet al.

25 2013} We show some example results in FIG. 16, They cover a variety of scenes with
different tvpes and scales of structures. The images were shown at the native resolution of the
display, and zooming was not provided. The long side of the large images is 400 pixels, and
that of the small tmages is 128 pixels. The study was performed online with participants from
different parts of the world, educational backgrounds, occupations, and computer experience.

3¢ Sinular to the previous study [Kopf et al. 2013], we allowed the participants to move ¢loser to
the screen if they wonld like to, as would happen in practice for real-world situations. Each
test for a particular participant involved a different image, and was repeated twice to chec

for consistency. All the results coming from subjects with consistency lower than 80% were
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discarded [Kopf et al. 2013], leaving resalts from 64 participants {the results do not change
significantly for other rejection rates}. There was no time limit {o finish the siudy.

{00123 FIG. 12 llustrates user study results. In each group of three bars, the left bars
represent how many times a user selected the downscaled 1image done by our process, the
middie bars represent how many times the user indicated no preference, and the right bars
represcnt how many times the user indicates a preference for the other process. The study
showed a clear preference for the results of our process against competing methods. The best
competing downscaling method s simple subsampling, which was also the case for the
previous study [Kopfet al. 2013} Since subsampling does not involve any filiering, #
preserves the crisp lock of the images well, of course at the cost of well-known strong
aliasing artifacts. For the user study images where these artifacts are not visible, the
participants could not decide which image to choose. For other images where the artifacts arg
noticeable, there is a clear preference for our images. Heunce, cur process preserves the crisp
ook of the images as in subsampling, but without the visible aliasing artifacts.

Implementation and Performance

{86124] The methods here can be based on a non-limear filter on the nput image and can be
implemented very efficiently and robustly with simple convolutions and sums.

[B8125] Pscudocode for a process is provided further below. This process was
mmplemented in Matlab with native Matlab operators, some of which vse multiple CPU cores.
We performed a performance tost with 100 randomly chosen tmages on a computer with the
configuration Intel Core 17 3770K CPU @330GHz. The method of Kopf et al. [2013] was run
as g native execuotable. The results of the test are reported in FIG. 13 for different input image
sizgs {with cutput image size fixed tc 80 by 60}, and output sizes {with input image size 640
by 4803

[B8126] OCur process i1s only a tew times slower than the box filter we used in the
mmplementation of our algorithm, and 500 to 5000 times faster than the method of Kopfet al.
12013] that relics on an ferative expectation-maximization based optimization. In this tost,
the engine ran two box filterings followed by subsampling on the input image, and further
operations on tmages of size proportional to the ouiput tmage as can be seen in the
pseudocode. For smaller output sizes relative to the input size, it performs closer to the itial
box filter we used, while increasing the output size slows it down a few times, as can be seen

in FIG. 13, right.
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Vanations

186127} Other vadations might address the indifference to scene semantics. Seeing local
structures in an image without any reference to what they actually represent may lead to
preservation of undesired detaiis such as noise present in the input image, as we show m FIG.
14, which is smoothed out by non-adaptive filters. In FIG. 14, the inserts, from left to nght,
are the original image, bicubic filtering, and our result. Since our method lacks scene
semantics, it tries to preserve the noise in the input image.

[86128] Our results exhibit fower jagged edges (FIG. 9) and abiasing artifacts (FIG. 11)
than methods that generate crisp images. However, if the image contains very regular
repeating structures with a bigh frequency, aliasing can happen. The SSIM index tends to not
prefer patches with a constant value, since this makes the imdex 0. Instead, our algorithm tries
to reproduce the local contrast and structure. However, for perfectly regular structures, a
constant patch valug might be preferred instead. For those cases, such as on standard aliasing
tests, we can get artifacts similar to those produced by previous enhancement methods {Kopf
et al. 2013} Fortunately, such regular structures are rarely present in natural images. We
observed that the small perturbations to regolar structures that exist in most natural images
can break the artifacts, as in FIG. 11,

[B8129] The SSIM mndex 1s known to not preserve the biur in the images {Chen et al. 2006].
We also observed that as opposed to thumbnail generation methods, cur downscaling results
do not contain the same amount of blur in the nput image, especially for high downscaling
ratios. We experimented with an extension of S5IM in the gradient domain, by solving for
the gradients of the downscaled image, and subsequently a Poisson equation to get the actual
image and with some additional steps, this might work.

Addiional Varniations

[B8138] We used the basic form of the S8IM index. There are numerous extensions that
modify the local similarity measure, the patch averaging stage, or extend it to feature and
color spaces. Although the downscaled videos exhibit less flickering due to the consistency of
the filter, better downscaling results can be obtained by incorporating extensions of the SSIM
mdex to videos, ¢.g. models of speed perception [Wang and L1 2067}, Other perceptual
measures might be be vtilized to improve image scaling results.

{86131} The SS5IM index sces the image at the level of patches, and cannot by itself adapt
to scene semantics. This leads to problemas such as the noise amplification in FIG. 14, Scene

semantics such as background/foreground separation, properties of the objects in the scene, or
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saliency maps can be integrated into our algorithm by adaptively weighting the patches, or
adjusting the parameters (@, v} and patch size locally.

Conclusions

[00132] A novel method for image downscaling is provided that aims to optimize for the
perceptual guality of the downascaled results. Extensive tests mvolving hundreds of images
and the user study clearly indicate that it generates perceptually accurate and appealing
downscaling results, cutperforming previous techniques. Despite its effectiveness and non-
lincar nature, it has a verv simple, robust, efficient, and paraliclizable implementation,
making the algorithm a practical addition to the arsenal of image filters.

186133} FIG. 15 illustrates that the process of downscaling described here is able o capture
small-scale details and textures while preserving local contrast and luminance to produce a
perceptually accurate downscaled image. FIG. 16 illustrates examples of images used for the
user study. For cach of FIGs. 16A and 16B, the original image 1s on the left, and the four
smaller images on the right are subsampling (fop-left), bicubic filtering (fop-night), content-
adaptive downscaling (bottom lefi), and our perceptual downscaling (bottom-right}.

[86134] The mean SSIM{X,Y) computed over two images X and Y is a metric that measures
the similarity between the two images. The higher the value of the mean S5IM, the more
similar the two tmages are. Mean S5IM has been shown to correlate well with human
perception, meaning that when mean SSIM{XY) is high, humans perceive X and ¥ as very
similar images and when mean S8IMEXY) 15 low, humans perceive X and Y as dissiniilar
images. Mean SSIM has been used for some image processing tasks. It is in general
computationally demanding to optimize for an image X, given an input mage ¥, by
maximizing SSIMEX,Y). The function SSIM{X, V) can be defined between two corresponding
image patches, one from X, and the other from Y. This function can then be averaged over the
images to get the mean SSIMX Y},

{06135} For downscaling, simpler metrics such as the least squares nom, ie., ||X — Y]},
for some representation of the images, have been used to measure the ditference between the
mmages X and Y. A familiar example 1s the “bicubic filter”, which generates a smooth
downscaled image by removing the details in the original high resolution image. As
explained herein, measuring the difference between the high resolution image A and the
downscaled image D using S5IM can provide better resulis.

[86136] As an example, consider an mput high resolution 1mage, A, comprising 1000 x
1000 pixels and an output downscaled tmage, 13, comprising 100 x 100 pixels. From D, an

ppscaled D, called X (1000 x 1000 pixels) is generated for use in calculating 55IM values. In
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X, each pixel of D s repeated n a 10 x 10 area in X This 15 ilostrated in FIG. 3, top row, and
FiG. 4. Then, for each patch pair (patch{H}, patch{¥})}, with a patch from X and the
corresponding patch from #, the tmage processor will attempt to maximize the value of
S5IM(patch(#),patch{X}} by changing the pixel values in patch{X}, with the constraint that
5  each 10 x 10 area in X should have the same pixel value {(which corresponds to a single pixel
valug in D).
001377 Nommally, this is a computationally demanding and complex optimization, but
asing the technigues presented herein, a closed-form sclution can be derived in various ways,
such as by matching the means and standard deviations, and maximizing the covariance, as
16 illustrated in part by Equation 5. Equation 7 illustrates a solution. The image processor docs
this for all patches in the images X'and H. The set of patches can be divided mto sets §;, with
non-overlapping patches, as in FIG. 3, bottom row. Since a pixel in D only belongs to a
single patch in 5, its value can optimized only over the unique patch that i belongs to in 5;.
This gives an optinum downscaled tmage /7 for this 5;. Finally, we average over all the
15 resulting Ds optimized over different 5;s to treat all patches equally. The result of this
averaging, and hence the final value for a pixel s i Equation 8. If the patch sizes are kept as
amall as possible {e.g., 2 x 2 1n D, and hence 25 x 23 in H and X), details are preserved well.
106138] FIG. 17 dlustrates examples of cur downscaling method adaptively adjusting local
details such that downscaled images perceptually close to the original image are generated.

SSIM based Optinuzation and Global Optimums

[86135] We parameterize the solution of the optinuzation problem by setting i, = ayy,
and g, = voy, for arbitrary (o, ). Then, to maxinuze SSTM (h, X) for this particular (o, y),
maxinize o,y . This leads to the following constrained optimization problem of Equation 9.
max a’d, m'd = au, d"Md=a?yl+y?%/? {(Equ. 9)
25 [06140] This problem can be solved by standard methods, such as the method of Lagrange
multipliers as we show below. The solution is given by Equation 10,

di(a.y) = au, +y -f;; (U — ). (Equ. 10)

¥

{00141} Forcach (o, 7). the 4" with the components d; thus maximizes the covariance oy,
and hence SSIM. If we plug in this expression for d] into the expression for SSIM in
30 Equation 4, we get the following maximum SSIM.

SSIM(h, d*(a, 7)) = 4

oy ay
op (1+a?){1+y%)

(Equ. 11}
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[86142] This expression is maximized if we select @ = y = 1, giving us the global
optimum &". Hence, the solution of the problem m Equation 9 with the choice (a,y) = (1,1)
coincides with the solution of the origimal problem in Equation 3.

[30143] For simplicity of the equations, we make the following definitions e: = MY/ 24,

b= Mm% = %yl + yi0f, fr= M2

a. Then, the problem in Equation 5 above can
be rewritien as in Eguation 12

max flebTe = au, |le]|® =c? {Equ. 12)
&4

[86144] We solve this problem with the method of Lagrange multipliers. Hence, we

optimize the function of Equation 13.

Fledydy) =1Te 2, (bTe — au,) — L(Jlell* ~ %) {Equ. 13)
[861458] Taking the denvatives with respect to e, A4, and A, gives us Equations 14-16,
_F-Aqb - A
€ = (Equ. 14}
—{tin + A} = Lappdy {(Equ. 15)
a’l+ 24,1y + A2 = 4¢2 42, (Equ. 16}

{06146] Combmning the last two equations, we can solve for A, and A, as in Equation 17,

s Ty 2
“Hntain ja I-pp

Ay = et (Eogu. 17}
Yoh
R
g ATe N
Ay = FaX (Equ. 18)

Z yop

1061471 Substituting these into the oxpression for @ gives us

e (Equ. 19)

{30148} Hence, we get the solution of Equation 20 where 1 denotes the vector of ones.
d=au,i+ 15_. (1= 1) (Equ. 20)

{00149] In order to decide on the sign, maximize the covariance and hence a’ d.
Substituting the expression for d, we can see that this dot product 1s maximized for the
positive sign.

Pseudocode for Operations

[B81368] In the algorithm below, implementable in hardware and/or software, operations are
element-wise on the single channel images, denoted with big letters. The function
convValid{X, P(y)) convolves image X with an averaging filter of size y by y for the valid

range of the image such that the kernel stays within the image limits. The function convFull
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is sinmlar but the image s assumed to be padded with zeros to allow the kernel go out of the

image limits. The function subSample{X, y) subsamples image X at intervals of v, Iy

produces an mage of the size of X with all ones, X(£) gets all entries of the image X for

which the corresponding entry in the image C retums true, and £ = 107°. The inputs fo the
5 process are an input image H, a downscaling factor s and a patch size n,. The outputisa

downscaled image D, The steps are:

[86151] I: L « subSample{convValid{H, P(s)},s)
[60152] 2Ly e subSampie(conv‘v’alid(}lz,P(s)),s)
10 [OB1s3] 3. M « convValid(Z, P(Vfﬁ;))
[60154] 4: 5, « convValid (12, P( /i, ) } — M?
{00155] 5: 8y, + convValid(Ly, P(,/n,)) — M*
166156} 6 R « \/5,/S
{00157} 7 (8§ < &)« 0
15 [00158] 8: N « convFull(Jy, }’(Vrﬁ;))
{00159} 9. T & convFull{R x M, P(/n,))
[60160] 10: M < convFull (M, (/7))
[00161] H: R « convFull (R, P{|/7,))
{00162} 122D« (M+BxL-TYN
20
[86163] According to one embodiment, the techniques described herein are implemented
by one or generalized computing systems programmed to perform the technigues pursuant to
program instructions in firmware, memory, other storage, or a combination. Special-purpose
computing devices may be used, such as desktop computer sysiems, portable computer
25 systems, handheld devices, networking devices or any other device that incorporates hard-

wired and/or program logic to implement the techniques.

{00164} For cxample, FIG. 18 is a block diagram that Ulustrates a computer system 1800

upon which an embodiment of the mmvention may be implemented. Computer system 1800

mncludes a bus 1802 or other communication mechanism for communicating information, and
30 aprocessor 1804 coupled with bus 1802 for processing information. Processor 1804 may be,

for example, a general purpose microprocessor.

o
3
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180165} Computer system 1800 also includes a main memory 1806, such as a random
access memory (RAM) or other dynamic storage device, coupled to bus 1802 for storing
mformation and instructions to be executed by processor 1804, Main memory 1806 also may

be used for storing temporary variables or other intermediate information during execution of

W

instructions to be executed by processor 1804, Such instructions, when stored in non-
transitory storage media accessible to processor 1804, render computer system 1800 nto a
special-purpose machine that 15 customized to perform the operations specified in the
imstructions.
{80166} Computer svstem 1800 further includes a read only memory (ROM) 1808 or other
10 static storage device coupled to bus 1802 for storing static information and instructions for
processor 1804, A storage device 1810, such as a magnetic disk or optical disk, is provided
and coupled to bus 1802 for storing information and instructions.
106167 Computer system 1800 may be coupled via bus 1802 to a display 1812 suchas a
computer moniior, for displaying imformation to a computer user. An input device 1814,
15 mchuding alphanumeric and other keys, 1s coupled to bus 1802 for commanicating
information and command selections o processor 1804, Another type of user input device is
cursor control 1816, such as a nouse, a trackball, or cursor direction keys for cornmunicating
direction information and command selections to processor 1804 and for controlling cursor
movement on display 1812, This mput device typically has two degrees of freedom i two

20 axes, afirst axis (¢.g., x) and a second axis {¢.g., v}, that allows the device to specify

2
positions in a plane.
{80168} Computer system 1800 mayv implement the techniques deseribed herein using
customized hard-wired logic, onc or more ASICs or FPGAs, firmware and/or program logic
which in combination with the computer systent causes or programs computer system 1800 to

25 be aspecial-purpose machine. According to one embodiment, the technigues herein are
performed by computer system 1800 in response to processor 1804 executing ong or more
sequences of one or more instructions contained in main memory 1806, Such mstructions
may be read into main memory 1806 from another storage medium, such as storage device
1810. Execution of the sequences of mstructions contained in main memory 1806 causes

30 processor 1804 to perform the process steps described herein. In alternative embodiments,
bard-wired circuitry may be used i place of or in combination with software instructions.
[B816%9] The term “storage media” as used herein refers to any non-transitory media that
store data and/or instractions that cause a machine to operation in a speeific fashion. Such

storage media may comprise non-volatile media and/or volatile media. Non-volatile media

24
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mehudes, for example, optical or magnetic disks, such as storage device 1810, Volatile media
inchides dynamic memory, such as main memory 1806, Common forms of storage media
nclude, tor example, a floppy disk, a flexible disk, bard disk, solid state drive, magunetic tape,

or any other magnetic data storage medium, a CD-ROM, any other optical data storage

W

medium, anv physical medium with patterns of holes, a RAM. a PROM, an EPROM, a

FLASH-EPROM, NVRAM, any other memory chip or cartridge.

[86178] Storage media is distinet from but may be used in conjunction with transmission

media. Transmission media participates in transferring information between storage media.

For example, transmission media includes coawal cables, copper wire and fiber optics,

160 mcluding the wires that comprise bus 1802, Transmussion media can also take the form of
acoustic or hght waves, such as those generated during radio-wave and infra-red data
communications,

106171 Various forms of media may be wnvolved in carrying one or more sequences of one
o7 more mstructions to processor 1804 for execution. For example, the mstructions may

15 mmtially be carried on a magnetic disk or solid state drive of a remote computer. The remote
computer can load the mstructions into its dynamic memory and send the instructions over a
network connection. A modem or network interface local to computer system 1800 can
receive the data. Bus 1802 carries the data to main memory 1806, from which processor
1804 retrieves and executes the instructions. The mstructions received by main memory

20 1806 may optionally be stored on storage device 1810 either before or after execution by
processor 1804,

86172] Computer system 1800 also includes a communication interface 1818 coupled to
bus 1802, Commumication mterface 1818 provides a two-way data communication coupling
to a network hink 1820 that is connected to a local network 1822, For example,

25 communication mierface 1818 may be an miegrated services digital network (ISDN) card,
cable modem, satellite modem, or a modem to provide a data communication connection {6 a
corrgsponding type of telephone line. Wireless links may also be implemented. In any such
mmplementation, communication interface 1818 sends and receives electrical, electromagnetic
or optical signals that carry digital data streams representing various types of information.

30 {06173} Network link 1820 typicaily provides data communication through one or more

networks to other data devices. For example, network hink 1820 may provide a comnection

through local network 1822 1o a host computer 1824 or to data equipment operated by an

Internct Service Provider (ISP} 1826, ISP 1826 m turn provides data communication services

through the world wide packet data communication network now commonly referred to as

o
[
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the “Internet” 1828, Local network 1822 and Internet 1828 both use electrical,
clectromagnetic or optical signals that carry digital data streams. The signals through the
various networks and the signals on network link 1820 and through communication interface
1818, which carry the digital data to and from computer system 1800, are example forms of
transmission media.

106174} Computer system 1800 can send messages and receive data, including program
code, through the network(s}, network hink 1820 and communication interface 1818, In the
Intemet example, a server 1830 might transmit a requested code for an application program
through Internet 1828 ISP 1826, local network 1822 and communication mterface 1818, The
received code may be exccuted by processor 1804 as it is received, and/or stored in storage
device 1810, or other non-volatile storage for later execution.

[00175]  FIG. 19 is a simplified functional block diagram of a storage device 1948 having
an application that can be accessed and exccuted by a processor in a computer system. The
application can one or more of the applications described heremn, running on servers, clients
or other platforms or devices. Storage device 1948 can be one or more memory devices that
can be accessed by a processor and storage device 1948 can have stored thereon application
code 1950 that can be configured to store one or more processor readable mstructions. The
application code 1950 can include application logic 1952, hibrary functions 1954, and file VO
functions 1956 associated with the application.

[06176] Storage device 1948 can also include application variables 1962 that can include
one or more storage locations configured to receive input vanables 1964, The application
variables 1962 can include variables that are generated by the application or otherwise local
to the application. The application variables 1962 can be generated, for example, from data
retrieved from an extemal source, such as a user or an external device or application. The
processor can execute the application code 1930 to generate the apphcation vanables 1962
provided to storage device 1948.

10861771 One or more memory locations can be configured to store device data 1966,
Device data 1966 can include data that is sourced by an external source, such as a user or an
external device. Device data 1966 can include, for example, records being passed between
servers prior to being transmitted or after being received.

{00178] Storage device 1948 can also include a log file 1980 having one or more storage
tocations 1984 configured to store results ot the application or mputs provided 1o the

application. For example, the log file 1980 can be configured to store a history of actions.
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[86179] FIG. 20 ilostrates an example of a downscaling enging 2002 that takes in an input
image file 2004 and outputs an output image file 2006 using the processes described herein.
Internal image storage 2008 is used to hold image data while being processed and program

code 2010 represents program instructions to perform the downscaling described herein.

W

1061868] Operations of processes described herein can be performed in any suitable order
uniless otherwise indicated herein or otherwise clearly contradicted by context. Processes
described herein {or varnations and/or combinations thereof) may be performed under the
control of one or more computer systems configared with executable instructions and may be
implemented as code (2.8, executable instructions, one or more compuier programs or ong of
10 more applications} executing collectively on one or more processors, by hardware or
combinations thereof. The code may be stored on a computer-readable storage medium, for
gxample, in the form of a computer program comprising a plurality of instructions executable
by one or more processors. The computer-readable storage medium may be non-transitory.
100181}  Conjunctive language, such as phrases of the form “at least one of A, B, and C,” or
15 “atleastone of A, B and C.” unless specifically stated otherwise or otherwise clearly
contradicted by context. 1s otherwise understood with the context as used in general to
present that an ttom, torm, cic., may be cither A or B or C, or any nonempty subset of the set
of A and B and C. For instance, in the illustrative example of a set having three members, the
conjunctive phrases “at least onc of A, B, and €7 and “at least one of A, B and C” refer to
20 anv of the following sets: {A}, {B}, {C}, 1A B} (A Ch (B, C} (A, B, C}. Thus, such
conjunctive language is not generally intended to imply that certaim embodiments require at
least one of A, at least one of B and at least one of C gach to be present.
1861821 The use of any and all examples, or exemplary language {e.g.. “such as™) provided
herein, is intended merely to better ilununate embodiments of the invention and does not
25 pose a imitation on the scope of the mvention unless otherwise claimed. No language m the
specification should be construed as ndicating any non-claimed element as essential to the
practice of the invention.
[00183]  In the foregoing specification, embodiments of the invention have been described
with reference to numerous specific details that may vary from implementation to
3¢ implementation. The specification and drawings are, accordingly, 1o be regarded in an
tllustrative rather than a restrictive sense. The sole and exclusive indicator of the scope of the
mvention, and what is intended by the applicants to be the scope of the imvention, is the hiteral
and equivalent scope of the set of claims that issue from this application, in the specific form

i which soch claims issue, including any subsequent correction.

27
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[86184] Further embodiments can be envisioned to one of ordinary skill in the art after
reading this disclosure. In other cmbodiments, combinations or sub-combinations of the
above-disclosed mmvention can be advantageously made. The example arrangements of
components are shown for purposes of ilustration and it should be understood that
combinations, additions, re-arrangements, and the like are contemplated in altemative
embodiments of the present invention. Thus, while the invention has been described with
respect to exemplary embodiments, one skilled in the art will recognize that numerous
modifications are possible.

{06185] For example, the processes described herein may be implemented using hardware
coraponents, software components, and/or any combination thereof. The specification and
drawings are, accordingly, to be regarded 10 an illustrative rather than a restrictive sense. It
will, however, be evident that varicus modifications and changes may be made thereunto
withowut departing from the broader spirit and scope of the mvention as set forth in the claims
and that the mvention is mtended to cover all modifications and equivalents within the scope
of the following claims,

{00186} All references, including publications, patent applications, and patents, cited herein
arc hereby incorporated by reference to the same extent as if cach reference were individually
and specifically mmdicated to be incorporated by reference and were set forth in its entirety

herein.
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WHATIS CLAIMED IS:

1. A method of downscaling images, the method comprising:

receiving a first image defined by a first set of pixels establishing a first image size at a
first resolution;

generating a second image defined by a second set of pixels establishing a second image
size at a second resolution by downscaling the first image to form the second 1mage,
wherein values of the second set of pixels are defined by a function of the first set of
pixcls and wherein the second tmage size 1s smaller than a first image size;

upscaling the second image to a third timage, wherein the third image is defined by a
third set of pixels derived from the second set of pixels establishing a third image
size substantially the same size as the first image size with a third resolution;

associating individual pixels in the second image with a corresponding group of pixels
from the third set of pixels;

sampling a first image area at a first location of the first set of pixels to generate a first
1mage sanmple;

sampling a second image area of the third sct of pixels corresponding to the first image
area location and size to gencrate a second tmage sample;

measuring the similarity between the first image area and the second image arca by
processing the first image sample and the second image sample to generate a
perceptual tmage valug;

recursively adjusting the values of third set of pixels until the image perception value
matches a perceptual standard value within a pre-defined threshold; and

adjusting individual pixel values in the second image to a representative pixel value of

cach of the corresponding group of pixels.

2. The method of claim 1, implemented using a computer system that has
inputs for receiving an electronicaliy-readable representation of the first image and outputs
for outputting an clectronically-readable representation of the second image, and a processor
with program instructions stored in memory for processing image data according to the

method.

[
O
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