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INTRODUCTION & MOTIVATION

Recent advances have seen a surge
of deep learning approaches for image

super-resolution:
e CNN' with residual

net structure?
iIs trained to learn the relationship
between low & high-resolution images.

Deep learning SR methods® work on
spatial domain data and aim to recon-
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INFERENCE PROCEDURE

For an input LR image x, ORDSR generates its SR version y as follows:

The input x is convolved with CDCT layer producing a DCT cube {f;}64,

The DCT cube of x is divided into fioy and fign corresponding to low and high-
frequency spectra using a threshold T’

A D-layer CNN takes fyign as input and recovers the missing high-frequency infor-
mation using a residual network structure, generating f‘high.

The fhign is appended to figy forming the SR-DCT cube {f;}64,.

struct pixel values. LR x CDCT ;
] p : , : ,

ORDSR explores the advantages of append (initialized from DCT basis functions) divide DCT The SR-DCT cube {f;}{2, is transpose convolved with the filters in the

: . . - cube ¥ cube by T° . : N
transform domain and learning suitable R — — , - CDCT/transform layer (to perform the IDCT/inverse transform) generating ¥.
transformation basis functions. /

EXPERIMENTAL RESULTS
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. CT&S . Filters of CDCT layers: e con S
An image x(n1,n2) of size H x W can be ) + = | || D : I HEEREEENRDEREONEN [Baseline] TIP 10] [ECCV 16]
decomposed into blocks of size N x N. = P Fuiet R S o = = 1 e IR AT 5 x2 3364 09292 3578 0.9485 36.94 0.9558

N 2 L ot | B R E MR - 2042 05101 007 0833 305 08657
— — Ve | . . g ; . .

Xmn(kr k2) = 30 30 Xmn(n1,n2) X Witlk, (m,n2) | 2 cube x2 3022 0.8683 31.64 08940 32.54 0.9088
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n2) = Cy k€08 [ = e= ol SRCNN VDSR ORDSR

o 204s0r o ) RE ) =- [PAMI 16] [CVPR 16] [oroposed]
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I 115 iL x4 3048 0.8628 31.35 0.8820 31.38 0.8847
X ett4 x3 29.28 0.8209 29.77 0.8308 29.81 0.8300
Zig-zag reordering the DCT basis functions _ - . N =....========== x4 2740 0.7503 28.01 0.7664 28.06 0.7664

as filters with inCreaSing Complexity order: Trainable Weights: ©® = {©™", {w,;}2,} e — 0.01 Best results shown in red, second best shown in blue.
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— REGULARIZATION TERMS & COST FUNCTION
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S MSE loss weight decay orthogonality constraint complexity order constraint
: B Pairwise Orthogonality Constraint - keeping the orthogonality properties of trans-

LR and HR image share low-frequency || form layer by forcing pairwise orthogonality

DCT coefficient. SR becomes the problem
of recovering high-frequency DCT coef-
ficients of the HR image from the corre-
sponding LR ones.

Vi # j, |vec(w:) Tvec(w;) — e[|} = 0
Complexity Order Constraint - keeping the frequency order of the DCT cube

|var(w;) — var(wi®)|3 = 0

w; are the CDCT filters and w¢¢t is the DCT counterparts.
Modified Back-Propagation - training the network with desired gradient terms:
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Experiment results with different training scenarios:

- FSRCNN -e- DCT-DSR = VDSR -& ORDSR
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