- 2020 CVPR .

Unified Dynamic Convolutional Network for Super-Resolution with

Variational Degradations

Presenter : Chang-Ting Tsali
Thesis Advisor : Jian-Jiun Ding
Date : 2021/12/7



Outline
o1 © © (04

Introduction Related work Method Result



()1 Introduction



— Introduction —

SISR (Single Image Super-Resolution)

LR (Low Resolution) HR (High Resolution)

Super-Resolution
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SISR (Single Image Super-Resolution)

« Surveillance

« Medical diagnosis

« Astronomical observation
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SISR (Single Image Super-Resolution)

« Non Learning Based
« Discrete wavelet transform
« Learning Based (Deep learning)
« SRCNN
« FSRCNN
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Discrete wavelet transform
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SRCNN
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« Deconvolution
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1. Problem Formulation
2. Proposed Model
3. Dynamic Convolution

4. Model Loss

Method
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Problem Formulation

Degradation : blurring, noise, downsampling

k : blur kernel

® : convolution

ILR — (IHR ® k) ‘LS + n Is : downsampling

n : noise
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Proposed model

K Feature Extraction Network \ / Refinement Network \
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Figure 2. The network architecture of the proposed UDVD framework.
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Degradation map
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Proposed model
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Figure 2. The network architecture of the proposed UDVD framework.
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Feature extraction
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Residual block
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Proposed model
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Dynamic Convolution

Typical With upsampling

k2) X H x W
(IxRXW - (k2 x 12) x H X W

Upsample Rate = r
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Model loss

M
Loss = 2 F(IM, I4r)
m=1

F : L2 loss, perceptual loss
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Dynamic kernel

e Result -
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(a) Dynamic kernels of original image

i(b) Dynamic kernels of degraded image

— - = Ez‘,.z'a=l‘) . . - H
Degraded Image

(c) Absolute difference between (a), (b)
Figure 4. The predicted per-pixel kernels in second dynamic block
of UDVD. (a) The kernels learned from Ir image. (b) The kernels
learned from image with spatially variant degradation of Gaussian
blur kernel width £ and noise level o. (¢) The absolute difference
between (a) and (b).




Synthesis dataset

Result

__. .__
. . Setd Setl4 BSDI00

Methods Kernel width  Noise level %2 3 4 %2 <3 d 2 1 x4
RDN [10] 2623 2557 2448 2544 2440 2345 2503 2404 2313
RCAN[12] 2605 2546 2483 253 2429 2364 2495 2392 2333
IRCNN[17] 0.2 15 3260 3008 2835 - - - - - -
SRMD [20] 3276 3043 2879 30.14 2782 2648 2923 27.11 2595
UDVD 3296 3068 2004 3043 28.14 26.82 2938 2727 26.08
RDN [11]] 2501 2498 2433 2408 2392 2339 2385 2367 23.09
RCAN[12] 249 2494 2458 2404 2388 2353 2384 2362 2326
IRCNN [17] 1.3 15 2996 2868 2771 - - = = - -
SRMD [20] 3098 2943 2821 2834 27.05 2606 2752 2645 2563
UDVD 31.16 2967 2843 2863 2736 2637 2764 2658 25.74
RDN [11]] 23.18 2328 2307 2234 2240 2231 2244 2252 2235
RCAN[17] 2313 2329 2324 2234 2241 2242 2247 225 2248
IRCNN [17] 2.6 15 2644 2567 2436 - - - - - -
SRMD [ 0] 2848 2755 2682 2618 2558 2506 2581 2529 2486
UDVD 2873 2780 2698 2648 2587 2533 2593 2541 2496
RDN [ 1] 1723 1685 1651 17.04 1658 1621 1690 1638 1599
RCAN[17] 1708 1613 1664 1684 1568 1635 1666 1554 16.1
IRCNN[17] 0.2 50 2820 2625 2495 B B - - - -
SRMD [20] 2851 2648 2518 2670 2501 2395 26.13 2474 2386
uUbvVD 2863 2665 2534 27.00 2532 2424 2627 2487 2398
RDN [ 10] 1697 1670 1641 1675 1645 1614 1664 1629 1595
RCAN [12] 1682 1598 1654 1655 1556 1628 1642 1547 16.06
IRCNN [17] 1.3 50 26,69 2520 2442 - - - - - -
SEMD [20] 2743 2582 2477 2563 2447 2364 2526 2433 23.63
ubvD 2754 2599 2492 2588 2475 2391 2536 2445 2374
RDN [10] 1650 1631 1608 1630 1609 1588 1629 1603 1577
RCAN [12] 16.36 15.6 1622 1612 1524 1602 1607 1523 1588
IRCNN [17] 26 50 2298 2216 2143 - - - - - -
SRMD [20] 2585 2475 2398 2432 2353 2298 2430 2368 23.18
UDVD 2600 2485 2411 2460 2381 2323 2441 2379 2327
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Synthesis dataset

=

PSNR/SSIM 20.56/0.383 17.68/0.3068 22.33/0.4608 22.52/0.4856
(a) Ground Truth (b) Bicubic (¢c) RCAN ] (d) SRMD | 1] (¢) UDVD(Ours)
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Real dataset

(a) Real LR (b) RCAN | 1] (c)ZSSR | 1] (d) SRMD [ 1] (¢) UDVD(Ours)
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